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Abstract
Developing epithelial tissues are characterised by the disordered cell packing caused
by ongoing cell proliferation and changes in tissue size. However, cell packing in adult
epithelial tissues exhibits a high level of order, and typically, the apical tissue surface
resembles a regular hexagonal lattice of planar polygons.
One of the central questions in tissue development concerns the mechanisms which
induce cells to repack. The change in packing may transform the tissue into a regular
pattern of hexagonal cells, as seen during the refinement of Drosophila M. wing and
notum tissue, or it can occur as a mechanism which drives tissue shape change, as
seen during embryonal axis elongation during Drosophila convergent extension.
We study cell repacking in epithelia effected by the forces that act at the interface
between adjacent cells. To this end, we develop a mechanical model of epithelial
tissue based on the ideas of the cellular Potts model and building on previous vertex
models. Analysing expanding and fixed-size tissues, we find that steady state packing
geometries depend on the regularity in the timing of cell divisions.
We predict that cells in topologically active epithelia leave the tissue in response
to mechanical compression and geometric anisotropy. Through a collaboration with
biologists Eliana Marinari and Buzz Baum, we find that such mechanically driven cell
delamination indeed occurs in the Drosophila notum. We thus identify a novel process
of tissue homeostasis, whereby live cells delaminate from developing epithelium in
order to limit overcrowding.
Analysing the relation between stable packing geometries and the mechanical pa-
rameters, we suggest that an increase in the strength of acto-myosin contractility
alone could cause tissue to repack into a regular lattice.
Modifying the model to describe polarised acto-myosin localisation, we compu-
tationally reproduce cell intercalation and actin cable and rosette formation during
convergent extension in Drosophila.
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Introduction
1.1 Motivation
Epithelial tissue is an essential component of animal body architecture. It is found in
the lining of all internal body cavities and in the skin. The inner layers of blood vessels,
respiratory and digestive tubes are formed of epithelia. Specialised epithelial sheets
which transduct sensory stimuli into electrochemical signals are found in the eye, ear,
nose, tongue and epidermis. Epithelial layers also have important roles in secretion,
selective absorption and transcellular transport. Carcinomas, which account for about
90% of human cancers, originate in epithelial tissues.
The primary function of epithelial tissue is to provide a barrier, and this dictates
its structure: it must be tightly packed. However, epithelia constantly renew during
the life of an organism and so there must exist mechanisms which insure that tissue
uniformity is preserved, even as individual cells die and get recycled or divide to
form new cells. These processes are the homeostatic processes of life, which maintain
structural and functional robustness of living tissues and organs. When homeostasis is
disrupted, the life-preserving functions of epithelial tissue are in danger. For example,
when tumours form, epithelial homeostasis is damaged and altered.
Proper formation of epithelia during organism development is essential for their
function. For example, a certain type of hearing loss in mammals is caused by im-
proper formation of the sensory epithelial sheet in the inner ear. Cells in these sensory
epithelia are typically packed in regular hexagonal arrays (Figure 1.1), with the bun-
dles of stereocilia pointing in the same direction. The stereocilia must be precisely
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aligned in order to detect the movement of the ambient fluid and thus detect sound
(Lewis and Davies [1]). Once damaged, the sensory epithelium does not regenerate in
humans, but it does regenerate in birds. Detailed understanding of the mechanisms
which guide the development of the sensory epithelial sheet could point the way to
inducing its regeneration in humans (Lo´pez-Schier and Hudspeth [2]).
Figure 1.1: High level of order in epithelial tissues is essential for their proper function.
Apical view of hair cells in chick cochlea shows cells packed in a regular hexagonal
lattice. Adapted from Hudspeth [3].
Cell packing in epithelia is determined by internal cellular mechanics and by con-
tacts along the junctions between two cells. Therefore, the understanding of the mech-
anisms which regulate cell packing must come from careful study of the mechanical
properties of tissues. These findings in turn will crucially contribute to our under-
standing of normal tissue structure, wound healing and cancer origination (Butcher
et al [4]).
More specifically, we are interested in understanding how cellular packing arises in
tissue development. Is packing the same for a growing tissue which is free to expand
and for a growing tissue whose size is restricted by a physical boundary? Does the
timing of cell divisions have an appreciable effect on steady state statistical properties
of the tissue in either case? And what is the cellular packing in an adult homeostatic
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tissue of fixed size, in which the new cells created by division are balanced, on average,
by an equal number that are extruded from the tissue?
Further, we would like to understand how tissue can be remodelled as a result
of internal forces. For example, when two separate tissues meet and fuse, as they
do in the process of dorsal closure, how does the initial perturbation in geometry get
smoothed out to yield a single, uniform tissue. More generally, how does a disorganised
tissue, with a broad distribution of cell sizes and shapes, become more ordered such
that the cells are mostly hexagonally packed? And in morphogenetic processes such
as convergent extension, what changes in the mechanical properties of individual cells
lead to the gross changes in tissue shape?
Finally, it is of interest to contemplate the role of stochasticity in all of these
processes. The mechanical forces that drive the evolution of tissue geometry and
topology are molecular in origin, and thus subject to a significant degree of fluctuation.
Might the consequent noise play a constructive part in the remodelling of tissue by
helping to anneal the system, which might otherwise get trapped in local minima of
mechanical energy?
1.2 Model tissue: Drosophila epithelium
The epithelia in Drosophila are thin sheets of cells without extracellular matrix. They
have a relatively simple structure, and contain few types of cells.
 
 
Figure 1.2: A simplified diagram of a developing Drosophila epithelium. The cells in
the Drosophila notum have a diameter-to-height ratio of around 1:5.
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The primary model tissue used in the studies described in this thesis is the pupal
notum of Drosophila Melanogaster. The notum is a monolayer epithelium which forms
when two imaginal wing discs fuse during embryogenesis along the midline of the
developing back. This process of fusion is called dorsal closure, or more specifically,
thorax closure (Zeitlinger et al [5]). In metamorphosis, the notum transforms into the
thorax of an adult fly. The different stages of Drosophila development are illustrated
in Figure 1.3, and the adult body layout is labelled in Figure 1.4.
We chose to study the notum because it undergoes substantial changes in cellular
packing and cell shape during the final stages of its development. However, the overall
tissue size and shape remain the same. Therefore, it is suitable for studying the
mechanisms of cell repacking that lead to tissue reordering and refinement, without
having to take into account overall tissue shape changes. The precise period studied
is between 12h and 26h after pupa formation (AP).
Figure 1.3: Drosophila developmental stages. Adapted from Alberts et al [10].
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Figure 1.4: (A) A photograph showing a dorsal view of an adult Drosophila
Melanogaster, and (B) A schematic indicating different body parts. Adapted from
Alberts et al [10].
Cell packing in the notum at 12h after pupariation is largely disordered. Cell size
and cell shape vary and the cells in the midline region of the notum are elongated
and have wiggly junctions. The size of the notum is fixed during the next 14 hours,
but the tissue itself is dynamic. Cells go through several rounds of cell divisions and
the cellular packing changes significantly in two ways: cells become more regularly
packed approaching a regular hexagonal lattice, and the elongation of cells in the
midline region disappears so that the whole tissue reaches an isotropic state.
The phenomenon of tissue reordering into a regular hexagonal lattice has been
reported for various developing epithelia (Drosophila eye: Ka¨fer et al [6], Hayashi and
Carthew [7], Drosophila wing: Classen et al [8]) and has been increasingly studied in
recent years.
Drosophila wing disc undergoes repacking from a disordered into a quasi-hexagonal
lattice (Classen at al [8]) as shown in Figure 1.5. The arrangement of cells into a
regular quasi-hexagonal lattice is thought to be important for tissue patterning. The
epithelial hairs start growing shortly after the tissue repacks and are conditioned by
the prexistence of a hexagonal array. The precise arrangement of the hairs guides the
airflow around the wings so as to facilitate the flight (Wootton [9]).
The thorax of an adult fly also exhibits clear patterning - the bristles that grow
out of it are precisely arranged (Simpson [11], Simpson [12], Simpson [13], Calleja
et al [14]). The positional patterning of the bristles is thought to closely depend
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on the hexagonal cellular arrangement in the notum. Since the bristles have a sen-
sory function in the adult fly, it is likely that their precise positional arrangement is
important.
Figure 1.5: Cells in the wing epithelium repack to approach a regular hexagonal
lattice. Images of Drosophila wings, at (left): the larval stage, and (right): the late
pupal stage of development. Adapted from Classen et al [8].
The tissue comprising the Drosophila notum, wing (Doyle et al [15]) and retina
(Lawrence and Shelton [16]) exhibits the phenomenon of planar cell polarity (Klein
and Mlodzik [17]). In addition to cells being polarised in the apical-basal direction, in
the sense that they have an asymmetric structure along the axis of polarity, the wing
and notum cells also have a proximal-distal asymmetry. The asymmetry is established
by the pattern of localisation of PCP proteins on cell junctions (Vinson and Adler [19],
Saburi and McNeill [20]). A certain set of proteins is enriched only in the junctions
parallel to the proximal-distal axis, and a complementary set of proteins is enriched
in the junctions that are orthogonal to them (Amonlirdviman et al [18]).
Classen et al [8] report that cellular repacking and the establishment of planar
polarity happens at the same time. Moreover, the planar polarity proteins are essential
for the repacking of the wing epithelium from an irregular array into an ordered quasi-
hexagonal array. They determine the orientation of the wing hairs [8].
Since the establishment of planar polarity grid in the tissue happens concomitantly
with the repacking of the cells into an ordered array, the two are believed to be
mechanically linked.
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Another extensively studied system exhibiting planar cell polarity is the Drosophila
germband during body axis elongation. The germband elongates in the process called
convergent extension, which is thought to be driven by the polarised forces at cellular
junctions (Zallen and Zallen [21], Rauzi et al [22], Bertet and Lecuit [23]).
Given that homologues of the planar polarity pathway exist in humans (Mont-
couquiol et al [24]), there is significant interest in understanding their effect on tissue
organisation and patterning. In this context, a need arises for a comprehensive de-
scription of collective cellular mechanics in epithelia. In the following sections, a few
recently proposed models are described.
1.3 Thesis overview
The thesis consists of five chapters. In this chapter, we introduce several unresolved
questions concerning physical and geometric organisation of cells in planar epithelia
and present an overview of existing models and theories.
Chapter 2 describes the computational model of epithelial cell physics (mechanics).
The model assumes that junctions between cells experience a potential energy with
a linear and a quadratic term in junction length, and it solves for equilibrium states,
with a constraint on apical cell area. The dynamic evolution is implemented using
Monte Carlo simulations. The model is applied to several cases of biological relevance:
growing tissue and tissue of fixed size, with and without coordination in cell division
timings.
Chapter 3 describes a study of cell delamination in epithelia. The conclusions
of the study strongly suggest that there exists a previously unreported mechanism
of compression-induced cell delamination, which is distinct from the widely studied
apoptosis-induced delamination.
Chapter 4 describes a theoretical and a computational analysis of phase transitions
in the epithelium caused by the change in physical parameters. In particular, the
study suggests that junctional acto-myosin contractility can modulate cell repacking
in a tissue, so as to drive it towards a regular hexagonal lattice.
In Chapter 5, a computational study of convergent-extension in Drosophila germband
is presented. The findings indicate that polarisation in acto-myosin contractility can
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cause the formation of rosette-like structures and actin-cables, which are reported to
be observed in vivo.
1.4 An Overview of Computational Models of Ep-
ithelial Organisation
1.4.1 Lattice models: the cellular Potts’ model
The cellular Potts model, or the Glazier-Graner model as it is also called, is an ex-
ample of a computational 2D lattice model devised to study biological tissue. It was
published in 1992 by Glazier and Graner [25] and it became the basis for a range of
subsequent models. In this framework, the tissue is comprised of a set of generalised
lattice cells, each cell defined by the cell id (in analogy to particle spin number in the
Ising model). One lattice site per timestep is updated stochastically. The Hamiltonian
captures the dynamics of the system because it is used to calculate the probability
with which a lattice site changes at each timestep. Before describing the Hamiltonian
in the Glazier-Graner model, I will briefly describe a simplified theory which is used
in foam physics.1
Consider the Hamiltonian used in the large-Q Potts model:
H =
∑
(i,j),(i′,j′) neighbours
(
1− δσ(i,j),σ(i′,j′)
)
. (1.1)
A collection of N cells is defined by the set of N degenerate spins σ(i, j) = 1, ..., N,
where (i, j) is a lattice site. The cell σ contains all the lattice sites with spin σ. The
Hamiltonian dictates that site-site interaction energy is 1 when two different cell spins
are adjacent (H = 1 when spins σ(i, j) and σ(i′, j′) are different), and 0 when the
same cell spin occupies the neighbouring sites (H = 0 when σ(i, j) = σ(i′, j′)). This
Hamiltonian energetically punishes the length of the cell-cell interface. It therefore
describes surface tension and it is used to model cohesive phenomena.
Time evolution is implemented as follows. At each time step, a cell lattice is chosen
at random and its cell id is changed from σ to σ′ with the Monte Carlo probability
1Historically, quantitative studies of biological tissue often built on studies of the physics of foams
(Plateau [30], Taylor [31]), Weaire [32].
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Figure 1.6: A collection of N=5 cells in the Potts model. Every lattice site (pixel) is
allowed to assume any colour. A pixel with σ = 1 is green, σ = 2 is dark gray, σ = 3
is light gray, σ = 4 is blue and σ = 5 is pink. A collection of all green lattice sites
(pixels) defines cell 1, etc.
(for temperature T > 0, and k the Boltzmann constant):
Pσ→σ′ = exp(−∆H k
T
) , ∆H > 0
= 1, ∆H ≤ 0.
When T = 0, we have:
Pσ→σ′ = 0, ∆H > 0
= 0.5, ∆H = 0
= 1, ∆H < 0.
This model is good for the grain-growth of the soap-froth. However, it needs to
be modified for biological applications. This is because biological cells have a volume
constraint which limits their size, as opposed to soap bubbles which do not have such
limitations.
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The Hamiltonian in the original Glazier-Graner paper [25] is as follows:
H =
∑
(i,j),(i′,j′) neighbours
J [τ(σ(i, j)), τ(σ(i′j′))]
(
1− δσ(i,j),σ(i′,j′)
)
+ λ
∑
σ id types
(a(σ)− Aτ(σ))2θ(Aτ(σ)).
This is known as the cellular Potts model or the Glazier-Graner model and it became
the basis for a range of subsequent models. Since some features of this model are
similar to the model proposed in this project, it is described here in some detail.
τ is another ‘spin number’ which describes cell type. Let τ = {l, d,M}, where l
stands for ‘light’, d for ‘dark’ andm for ‘medium’. So each lattice site has two quantum
numbers, “τ” and “σ”. There may be many cells of the same type τ , whereas σ is
unique for each biological cell and consists of all lattice sites with cell id σ. τ(σ) is
the type of cell σ. J(τ, τ ′) is the surface-energy between cells of type τ and τ ′.
The second term describes the elastic area constraint. Aτ(σ) is the target area for
the cell of type τ. τ = M describes the medium where cells are kept (extra-cellular
matrix, substrate, culture solution, etc). The target area of the medium is set to be
negative. This is stabilised by multiplying the area term in the Hamiltonian by the
Heaviside step function θ(x) = {0 : x < 0; 1 : x > 0}. The tissue kept in mind for
this simulation is the embryo with two types of cells: the mesoderm and the ectoderm
(Steinberg [26]). Since these cell aggregates are compact, an additional requirement
is imposed, so that a lattice site is allowed to flip only to the cell id of a neighbouring
site. Therefore, nucleation of medium-filled sites is prevented since it is not observed
in the embryo.
The described Hamiltonian minimises interface tension between neighbouring cells
while constraining the size of the cells. The results of a simulation are shown in Figure
1.7. Light cells have high surface energy (low adhesion), and dark cells have low surface
energy (high adhesion). The system moves to the configuration of minimum potential
energy, and this results in a change in the relative positions of cells. Therefore, a
mixed collection of light and dark cells sort into separate domains. Sorting behaviour
is robust and it occurs over a wide range of parameters. This has become the standard
way to model differential adhesion phenomena (Brodland [27], Steinberg [28]). More
recently, however, it was shown that embryonal cell sorting is not purely driven by
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differential adhesion, but also involves other processes such as cell cortex tension
(Green [29]).
Figure 1.7: Glazier-Graner simulation
Cell sorting time series: (a) Initial configuration with randomly assigned cell types,
(b) 1 MCS, (c) 100 MCS, (d) 1000 MCS, (e) 4000 MCS, (f) 10 000 MCS. Light cells
have high surface energy (low adhesion), and dark cells have low surface energy
(high adhesion); J(d, d) = 2, J(d, l) = 11, J(l, l) = 14, and J(d,M) = J(l,M) = 16.
Owing to its success in studying differential adhesion phenomena, the cellular
Potts model was adjusted for use in multiple situations. In a recent paper, Ka¨fer et al
[6] study cell shapes in a Drosophila retinal ommatidium. The authors conclude that
the ommatidium cell shapes cannot be accounted for by only taking adhesion-related
surface tension into account, and their Hamiltonian includes an additional term of
the form: ∑
cells
γP (Pi − Pi0)2,
where Pi is the perimeter of cell i, Pi0 is the target perimeter of cell i and γP is the
perimeter modulus.
This additional term quantifies the effect of cortical cytoskeleton in a cell. It
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is usually described as cell contractility, and it features in most recent models of
epithelial mechanics (Hufnagel et al [35], Farhadifar et al [36]). In [35], the contractile
contribution to the Hamiltonian is proportional to cell perimeter, and in [36], its
contribution is proportional to the square of cell perimeter. Cell contractility also
prominently features in the model which we develop. However, we use junctional
contractility rather than perimeter contractility.
1.4.2 Analytical models: Topology of an epithelial tissue
What exactly can we learn from revealing the details of apical topology of an epithelial
sheet? Is there any adaptive advantage in having differing topologies? Is the tissue
patterning and signalling robust under a change of topology? Or whether attaining a
specific topology is essential for ensuring that the development of the tissue proceeds
correctly? These are still largely open questions that will hopefully be tackled by
understanding more about global tissue topology.
Furthermore, to what extent does tissue topology depend on genetic instruction?
There is strong evidence that at certain points in development, a tissue switches on
genetic regulation to induce a programmed morphogenetic change (such as the inter-
calation of cells during convergent extension in the germband). But at other times,
there seems to be little regulation and the topology is determined by the stochastic
averages over individual cell behaviour. There seems to be a default topological con-
figuration of the tissue, which is the one when regulation is absent (Axelrod [37]).
When the tissue wants to implement a specific change, genetic regulation is switched
on and a large-scale transformation is induced by the local cell-cell interactions, driven
by the polarised myosin, for example.
In order to understand this tissue behaviour, several research groups have proposed
topological models of epithelial sheets (Rivier and Lissowski [38], Dubertet and Rivier
[39], da Fontoura Costa et al [40]). The reasoning is as follows: If we can construct a
good model of default tissue behaviour, then we are one step closer to understanding
the details of tissue behaviour when it is regulated. And this may in turn feed back
more insight into the limitations of strategies available to the tissue for implementing
a specific large-scale transformation. In the last instant, understanding these mecha-
nisms will help understand how topology and structure in general influence function,
and eventually it will help with finding remedies for malformations.
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The Markov Chain Model
Gibson et al [41] propose an interesting analytical model of epithelial topology based
on the properties of convergent Markov chains. It is a very simple model, but it is
instructive for understanding equilibrium properties of epithelial topology.
The model is based on a set of simple assumptions about individual cell behaviour.
The aggregate behaviour is described by a Markov chain. Since the assumed cell
behaviour results in a convergent Markov chain, the model predicts that the tissue
should reach a stable configuration, described by a constant distribution of polygons
in the plane. This model is elegant and instructive, but it assumes that no cell
neighbour exchanges occur in the tissue. However, epithelial tissues undergoing cell
divisions are topologically active, and neighbour exchanges occur throughout most of
pupal development of the notum.
Therefore, this analysis finds stable configurations of tissue topology resulting
solely from cell proliferation.
The assumptions are:
1. Cells are polygons with a minimum of 4 sides.
2. Cells do not exchange neighbours.
3. Mitotic siblings share a common junctional interface.
4. Cells have asynchronous, but roughly uniform cell cycle times.
5. Cleavage planes always cut a side, rather than a vertex of the mother polygon.
6. Mitotic cleavage orientation binomially distributes existing junctions to daugh-
ter cells.
In the notation of graph theory, vt, et and ft denote the number of vertices, egdes
and faces after t divisions. The equations for their time evolution are as follows:
ft = 2ft−1. (1.2)
This follows from the fact that after every round of division, every cells has divided
once, and so the total number of faces doubles. And because each cell division results
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in the creation of two new vertices and three new edges, we have:
vt = vt−1 + 2ft−1 (1.3)
et = et−1 + 3ft−1. (1.4)
For large t, the boundary effects become negligible and the average number of
sides per cells is:
st = 2× et
ft
= 2× et−1 + 3ft−1
2ft−1
=
st−1
2
+ 3. (1.5)
The solution of this recurrence relation is:
st = 6 +
1
2t
(s0 − 6), (1.6)
where s0 is the initial configuration of the network.
The lesson to take from this result is that the system will on average tend to a
hexagonal topology without any minimal packing conditions, but solely as a conse-
quence of cell proliferation and the requirement that all stable vertices are of order
3.
From this point, they formulate a model that gives predictions not just for the
average distribution of edges per cell, but also for the relative frequency of different
polygons in the tissue (as inspired by earlier work, Cowan and Morris [42]).
Let ps be the frequency of s-sided polygons in the network. Then the state of the
network after t divisions is described by the state vector:
p(t) =

p4
p5
p6
p7
p8
...

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The dynamics is described by:
pt+1 = ptPS, (1.7)
where P and S transition matrices:
P =

1 0 0 0 0 0
1 1 0 0 0 0
1 2 1 0 0 0
1 3 3 1 0 0
1 4 6 4 1 0
1 5 10 10 5 1
...

Pij gives the (un-normalised) probability that an i-sided cell divides to become a j-
sided cell. The entries in Pij are the same as the entries of Pascal’s triangle. This is
the direct consequence of the division rule whereby the cleavage plane cuts a side of
the mother cell so that the mother vertices are assigned to daughter with the binomial
distribution.
As an example, consider a hexagonal cell which divides. Let us pick one of the
daughter cells. It can have 4, 5 or 6 vertices (in any other case, a 3-vertex cell would
arise, which is forbidden). The counting argument is as follows: in addition to the
compulsory 4 vertices, the daughter can receive another 0 vertices in
(
2
0
)
ways, another
1 vertex in
(
2
1
)
ways or another 2 vertices in
(
2
2
)
ways.
Note: This is not a very realistic biological scenario for the way vertices are dis-
tributed between the daughter cells. If the cleavage plane orientation is assumed to
be uniformly distributed on [0, 360] as the authors claim, the resulting distribution is
not binomial.
S takes into account the fact that cells gain sides from neighbour divisions too,
on average one new side per cell cycle.
Chapter 1 23
S =

0 1 0 0 0 0
0 0 1 0 0 0
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1
...

Figure 1.8: The Markov chain model of tissue topology. Adapted from Gibson et al
[41].
Frobenius-Perrimon theorem ensures that this Markov chain reaches equilibrium
irrespective of initial conditions. The exact equilibrium calculated from P and S
is approximately: 28.9% pentagons, 46.4% hexagons, 20.8% heptagons and lesser
frequencies of other types. This distribution is reached at an exponential rate. The
model is summarised in Figure 1.8 (as illustrated in [41]).
Gibson at al report good agreement (Figure 3 in [41]) between the model pre-
dictions and the measurements in various epithelial tissues. However, the predicted
distribution does not agree with other published in vivo tissue topologies (such as the
experimental data from Farhadifar et al [36].) One of the main shortcomings of this
model is that it does not take topological transitions into account: cells in the model
do not exchange neighbours, and they do not die. However, since these processes
happen throughout epithelial development, it is important to take them into account.
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1.4.3 Vertex models
A step further from the purely topological models are the so called vertex models in
which the vertex positions are dynamic variables responding to local mechanical forces.
The vertex positions change in response to forces which arise from cell properties such
as membrane elasticity, acto-myosin contractility, cell-cell adhesion, etc. Neighbour
exchanges or T1 transitions, as they are also called, are a result of these forces (Figure
1.9). A second kind of topological change taken into account is cell death, or a T2
transition (Figure 1.10). Cell proliferation is also included, and it perturbs the model
away from equilibrium. The rule for cell division is described in Figure 1.11.
Hufnagel et al [35] and Farhadifar et al [36] formulate a model of this type. Since
the model in [36] is more similar to the model which we develop, it is described here
in some detail.
In [36], the authors reason as follows:
“The statistics of neighbor numbers in proliferating tissues were recently
discussed by Gibson et al., who argued that the fraction of n sided polygons
in the junctional network can be determined by simple topological rules
describing allocation of neighbors after cell division. These topological
rules are not based on the physical properties of the cells. However, we
expect the redistribution of neighbors after cell division to depend on
physical cellular properties. Also, a purely topological description cannot
account for cell size and shape or local force balances.”
The system contains NC polygonal cells and NV vertices. Stationary and stable
network configurations satisfy a mechanical force balance; this implies that at each
vertex, the total force Fi vanishes. These force balances as local minima of an energy
function:
E(Ri) =
∑
α
Kα
2
(Aα − A(0)α )2 +
∑
<i,j>
Λijlij +
∑
α
Γα
2
L2α, (1.8)
so that
Fi = − ∂E
∂Ri
. (1.9)
The first term describes an area elasticity with elastic coefficients Kα, for which
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Aα is the area of cell α and A
(0)
α is the preferred area, which is determined by the cell
height and the cell volume. The second term describes line tension Lij at the junction
between cells i and j. Here, lij denotes the length of the junction linking vertices
i and j and the sum over < ij > is over all bonds. Line tensions can be reduced
by increasing cell-cell adhesion or reducing acto-myosin contractility. The third term
describes the contractility of cell perimeter Lα, quantified by a coefficient Γα, which
reflects the mechanics of the acto-myosin ring, and it is the same term that is used
by Ka¨fer et al [6], as explained in Section 1.4.1.
The work function is minimised using the conjugate gradient method [43]. Conju-
gate gradients is a numerical method which finds a local minimum of the work function
at every timestep. The tissue is thus relaxed into a local minimum at every timestep
and cell divisions are what drives the system out of equilibrium. The division of a cell
is implemented as follows (Figure 1.11): a cell is chosen at random and its target area
is increased to twice its initial value in small steps (so that the deformation of the
tissue is quasi-static), after which the cell is divided by a line of random orientation
which passes through the midpoint of the cell. The daughter cells are assigned the
initial target area. The timing of cell divisions is random.
In the simulations of tissue growth induced by cell division, the statistical prop-
erties of the cellular network converge to a steady state, which is determined by the
values of the parameters K,A,Λ and Γ.
An important contribution of Farhadifar et al [36] is that it demonstrates that the
described system exhibits a phase transition between two states: a regular hexagonal
network and a disordered soft-network (Figure 1.12). The critical point is at Γ
Λ
√
A0 =
−0.13.
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Displacement of Vertices in the Epithelial Field after
Laser Ablation
To quantify the displacement of vertices in the field of
cells surrounding the cut site, we used a pola coordi-
nate system in which r denotes the radial distance
from the cut point and w denotes the angle with respect
to the orientation of the cut boundary. The angle of the
cut boundary thus corresponds to w = 0 and p. For
each vertex, we determined the radial and tangential
components Dr and Dw of the displacement vectors D
(Figure S6A). The radial displacements Dr depend on
the angle w relative to the orientation of the cut boundary
(Figure S6C). They are maximal for vertic s lying along
the cut-bond axis. The radial displacements Dr of those
vertices lying in a direction perpendicular to the cut
boundary (i.e., near w = p/2 or 3p/2) were small and
did not exceed background noise. Radial displacements
decreased quickly for increasing distance r from the cut
bond. At distances beyond six average edge lengths,
they only marginally exceeded the background noise
(compare the top and bottom panels in Figure S6C).
Tangential displacements Dw were smaller and de-
creased more quickly with increasing distance from
the cut site (Figure S7A).
To test whether the vertex model can account for dis-
placements in the larger field around the removed bond,
we simulated laser ablation with parameter values cor-
responding to case I (see Figure 1), calculated radial dis-
placements of vertices at different distances from the
bond with respect to the polar angle w, and compared
them to observed displacements. Like th area and
perimeter changes, the radial and tangential displace-
ments of vertices Dr and Dw in the surrounding network
were quantitatively reproduced by our simulations
(compare Figures S6C and S6D; Figures S7A and S7B).
As in the experimental data, maxima of Dr occur at an-
gles 0 and p, whereas maxima of Dw occur at 3p/4 and
7p/4 (Figures S6D and S7B). For radial displacements,
the magnitude of maximal average displacements, as
well as their scatter, agreed quantitatively with those
found in experiments and decreased by similar amounts
over similar distances. For tangential displacements,
agreement was also good—however, note that for small
r, the average of the amplitudes differs by a factor of
two. More data points would be necessary for determin-
ing whether this difference is significant or not.
Simulating Cell-Shape Changes after Laser Ablation
We could not say a priori whether laser ablation affected
only localized line tension of cell boundaries (scenario I;
Figure S8A) or whether perimeter contractility was affect
as well (scenario II, Figure S8B). To investigate this, we
simulated laser ablation by using both scenarios and
tested which best fit the deformations occurring in
experiments. For simulations of laser ablation, agree-
ment between theory and experiment requires that we
remove both the line tension and contractility of the
two adjacent cells; if we keep Ga =G for the cells adja-
cent to the cut (scenario I in Figure S8A), calculated
movements are very different from the observed ones
(compare Figures S8C and S8D to Figures S8E and S8F).
An Annealing Model for Hexagonal Repacking
The observation that packing geometry in the larval disc
reflects a local minimum suggests that the system could
convert to a more hexagonal array by me hanisms in
which fluctuations induce rearrangements, which are
then biased by the energy function toward the hexago-
nal ground state. This is analogous to annealing, during
which crystalline order is approached in a physical
context [S1, S2]. During hexagonal repacking, the endo-
cytosis and recycling of cadherin increases, and cell-
boundary lengths fluctuate [S3]. Boundary fluctuations,
driven by changes i cell-boundary tension, might allow
wing epithelial cells to explore different packing config-
urations and thus move the system toward the hexago-
nal ground state. To demonstrate the feasibility of this
idea, we performed simulations by starting with an irreg-
ularly packed network configuration in which prolifera-
tion had ceased and intro uced stochastic chang s of
line tensions Lij at randomly chosen cell boundaries
(see Experimental Procedures). After each stochastic
variation, the system was relaxed to the nearest stable
state. As this process is repeated, the network morphol-
ogy attains a new stationary state with a characteristic
distribution of polygon classes. The system can be an-
nealed by slow reduction of the strength of fluctuations.
An example of such an annealing process is shown in
Movie S6 and indeed leads to increased hexagonal or-
der, similar to that of the pupal wing. Thus, we might
be able to achieve h xagonal repacking by controlling
Figure S1. T1 and T2 Processes
(A) T1 process. The bond length between two three-way vertices first
shrinks to zero and subsequently expands in the opposite direction.
This causes local changes in neighbor numbers of surrounding cells.
(B) T2process. If the area of a triangle shrinks to zero, it is replacedby
a vertex. This corresponds to extrusion of a cell from the epithelium.
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creased more quickly with increasing distance from
the cut site (Figure S7A).
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as well (scenario II, Figure S8B). To investigate this, we
simulated laser ablation by using both scenarios and
tested which best fit the deformations occurring in
experiments. For simulations of laser ablation, agree-
ment between theory and experiment requires that we
remove both the line tension and contractility of the
two adjacent cells; if we keep Ga =G for the cells adja-
cent to the cut (scenario I in Figure S8A), calculated
movements are very different from the observed ones
(compare Figures S8C and S8D to Figures S8E and S8F).
An Annealing Model for Hexagonal Repacking
The observation that packing geometry in the larval disc
reflects a local minimum suggests that the system could
convert to a more hexagonal array by mechanisms in
whi h fluctuations induce rearrangements, which are
then biased by the energy function toward the hexago-
nal ground state. This is analogous to annealing, during
which crystalline order is approached in a physical
context [S1, S2]. During hexagonal repacking, the endo-
cytosis and recycling of cadherin increases, and cell-
boundary lengths fluctuate [S3]. Boundary fluctuations,
driven by changes in cell-boundary tension, might allow
wing epithelial cells to explore different packing config-
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nal ground state. To demonstrate the feasibility of this
idea, we performed simulations by starting with an irreg-
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variation, the system was relaxed to the nearest stable
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nealed by slow reduction of the strength of fluctuations.
An example of such an annealing process is shown in
Movie S6 and indeed leads to i creas d hexagonal or-
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Figure S1. T1 and T2 Process s
(A) T1 process. The bond length between two three-way vertices first
shrinks to zero and subsequently expands in the opposite direction.
This causes local changes in neighbor numbers of surrounding cells.
(B) T2pr cess. If the area of a triangle shrinks to zer , it is replacedby
a vertex. This corresponds to extrusion of a cell from the epithelium.
Figure 1.9: A diagram showing a neighbour exchange, or a T1 transition. Adapted
from Farhadifar et al [36].
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T1 transition:
T2 transition:
Figure 1.10: A diagram of cell death, or a T2 transition. Adapted from Farhadifar et
al [36].
Figure 1.11: A diagram of cell division in the vertex model proposed by Farhadifar et
al [36]. A cell is chosen at random, and its preferred area is increased. The orientation
of the new edge which divides the cell is chosen at random. Daughter cells are assigned
the initial preferred area. Adapted from Farhadifar et al [36].
Figure 1.12: The ground state polygonal distribution undergoes a phase transition.
Adapted from Farhadifar et al [36].
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1.4.4 Idealised tissue with monodispersive cells
Hocˇevar and Ziherl [44] propose a simplified analytical approach to studying stable
cellular network topologies. Their analysis is based exclusively on the neighbour
exchanges and an energy function that describes the cell-cell interface. They describe
equilibrium epithelial topologies that arise from the stochastic neighbour exchanges
and do not take any cell division into account.
The cell shapes are determined by the minimisation of the energy function of a
cell, in the aggregate. The total energy is proposed to be:
W =
[
piK
R
− Γ
2
(L− 2piR)
]
h, (1.10)
where K is the bending constant for each cell, Γ the adhesion strength, h the cell
height, L the cell perimeter and R =
√
K/Γ. From this expression, it follows that the
cells with the same value of L have the same energy.
It is instructive to briefly analyse where the energy function comes from. All cells
have the same height h which is constant. Cell polygonal bases and perimeters are
also the same and constant (this is different from the other models considered in
this report). The quantity which relates the polygonal base area and the polygon
perimeter in the following way
a =
4piA
L2
(1.11)
is called the reduced area and it is a useful quantification of the inflatedness of the
polygon. Since the bases and the perimeters are taken to be equal and constant,
then the reduced area is also constant and equal for every cell. This is the so called
monodispersive formulation of the model.
The bending energy of each cell is given by:
Wb =
(
Kh
2
)∮
C2(s)ds, (1.12)
with K and h as before, C(s) is the local curvature of the contour and the integral
is along the contour defined by the edges of a cell, of length L. The adhesion energy
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per cell is given by a similar expression:
Wa =
(
Γh
2
)∑
i
∫
contact
dsi. (1.13)
Assuming that the contact sections are straight and the non-contact sections are
circular arcs of radius R =
√
K/Γ. Combining equations (12) and (13) yields the
total energy per cell in (10).
The dynamics of the model is based on Monte Carlo-type steps which involve
a random edge length change or a neighbour exchange (T1 process). The book-
keeping is done using a software package called the Surface Evolver, as explained
in Brakke [45]. Following every step (length change or neighbour exchange), the
system is relaxed so as to fulfil the area, perimeter and convexity requirements, and so
every local transformation affects the system globally. After 3000−5000 Monte Carlo
steps the system reaches equilibrium and the polygon distribution remains constant.
The system exhibits two phases that correspond exactly to the phases in Farhadifar
et al [36]. The disordered phase which is the equilibrium for a < 0.785, and the regular
hexagonal ordered phase which is the equilibrium for a > 0.865. Equilibrium states
for these two phases and for intermediate values of a are shown in Figure 1.13.
Figure 1.13: Equilibrium tilings for reduced areas given by a = 0.74, a = 0.78,
a = 0.82, a = 0.86 and a = 0.90, respectively. Each polygon class is represented by
a colour. At a = 0.865, the order-disorder transition takes place; for a > 0.865, all
polygons in the tiling are regular hexagons. Adapted from Hocˇevar and Ziherl [44].
The simulations computationally predict the equilibrium distribution of the dis-
ordered phase. The disordered equilibrium state contains 5% four-sided, 26% five-
sided, 40% six-sided, 23% seven-sided, 5% eight-sided and 1% nine-sided cells, with
the error-bar less than 2%.
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Hocˇevar and Ziherl conclude:
“In our view, cell proliferation is of secondary importance for the structure
of epithelia: the dynamics associated with cell division merely provides a
way to sample the possible states of the tissue which, if unbiased, leads to
entropy-maximising configuration.”
The limitation of this approach lies in the fact that living tissue does not nec-
essarily assume the entropy-maximising state. Entropy in this context is not the
molecular thermal entropy, it is the entropy associated with the idealised mesoscopic
system in which cellular junctions are fundamental units (Edwards and Oakeshott
[46], Blumenfield and Edwards [47], Blumenfield and Edwards [48]). Ideal gases in
thermodynamics assume the entropy-maximising configuration. However, living tis-
sue is very different from an ideal gas. In this sense, tissue is more similar to a glass,
since it can permanently exist in a local minimum of the potential energy.
1.5 A stochastic vertex model
In this context, we develop a physical computational model which attempts to rec-
oncile the described opposing arguments concerning the choice of assumptions used
to explain equilibrium tissue topology. In this respect, our model resembles those
put forward by Hufnagel et al [35] and Farhadifar et al [36] as it includes both cell
proliferation and neighbour exchanges. However, there is one important distinction.
The models described in [35] and in [36] are deterministic, in a sense that time evo-
lution is implemented using the conjugate gradient algorithm. This means that the
work function of the system is minimised at each step, which results in the tissue
reaching the nearest local equilibrium, and not necessarily the global work function
minimum. Therefore, the initial condition and the precise path of tissue evolution
(the precise sequence of division events) determine the eventual configuration. This
would correctly describe the dynamics of the tissue if there was no noise present in
it.
If there is noise present in the tissue, it could induce tissue rearrangements which
are not necessarily minimising the work function at every timestep. Noise thus helps
the tissue sample alternative relaxation paths and this partially offsets the dependance
of the steady state on the precise sequence of division events.
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In thermodynamics, a system with thermal noise finds equilibria by minimising
the free energy, while in the deterministic system (equivalent to zero temperature),
the equilibria are found by minimising the potential energy. This is the distinction
between the described vertex models ([35], [36]) and the model formulated in this
thesis. We include noise in the system and thus we find equilibria which minimise the
mechanical analogue of free energy. We choose noise with the white spectrum, and
so it is mathematically identical to thermal noise. Origin of the noise is not thermal
however, it is due to stochasticity of active molecular processes.
It is instructive to look at the limiting cases when noise is very low and when it
is very high in our model. For the low value of noise, our model resembles the time
evolution presented in the conjugate gradient models ([35], [36]) since in this case the
system minimises the work function at every timestep. For the high value of noise,
the entropic contribution to the free energy dominates the work function contribution.
Therefore, at high noise, the system maximises the entropy.
Finally, junctions of epithelial cells incorporate molecules which are subject to
stochastic behaviour. It is reasonable to expect that the intrinsic stochasticity of
the cellular medium translates into fluctuations of the mechanical parameters such
as membrane tension, acto-myosin contractility, cell volume etc. Therefore, including
noise in the mechanical description of the cellular junctional network is justified. Since
we do not have information about the spectrum of the noise, we make the simplest
assumption that it is not time-correlated. Interestingly, as explained in Chapters 2
and 5, we find that noise can be an essential ingredient in the toolkit utilised by the
self-organising tissue.
Chapter 2
A Model of Tissue Mechanics
2.1 Introduction
Many morphogenetic processes require tissues to dramatically change shape, as they
do during gastrulation, neurulation and organogenesis. All these changes occur as a
result of coordinated changes in cell shape and so understanding cell shape changes
is central for the understanding of development. Moreover, cell shape is important
for the correct proceeding of cell division, where mitotic rounding is understood to
help organisation within cells (Martin et al [49]). Despite the central importance
of the processes driving cell shape changes, the details of their cell biology and the
corresponding mechanical description are still not understood in a satisfactory way.
In order to study the mechanical forces in epithelia, and how they couple with
various developmental processes in the tissue, we develop a simple mechanical model
of epithelial tissues. One should stress that there is no such thing as the correct
model, we judge the model only by how useful it is. Among significant criteria which
determine the model’s usefulness is the requirement that the model parameters are
related to the measurable biological parameters. It is also important that model
predictions are directly testable experimentally. Models based on the cellular Potts’
model have proved successful in aiding our understanding of tissue growth and growth
control (Hufnagel et al [35], Farhadifar et al [36], Shraiman [50]), in the understanding
of tissue patterning (Ka¨fer et al [6]), as well as the coupling of mechanical stress and
biochemical signalling such as the coupling of Dpp morphogen and cell proliferation
(Wartlick et al [51]) in Drosophila development. Vertex models are inspired by the
concept of minimisation of energy used in the cellular Potts’ model, however they are
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distinct from the original model proposed by Glazier and Graner (Glazier and Graner
[25], Merks and Glazier [33], Glazier and Graner [34]) because rather than being
lattice models, they take into account the precise positions of cell-cell boundaries.
The dynamic variables in the vertex models are the positions of the vertices.
2.2 The apical tissue surface is represented by a
polygonal network
We design and implement a variant of the existing vertex models. Its role is to cap-
ture key features of the effects of mechanical force, through simplifying the epithelial
cellular network and describing it by several mechanical and geometric parameters.
There are several distinctions between our model and the existing ones, and these will
be highlighted and discussed in due course.
The apical epithelial network is modelled by a two-dimensional network of planar
polygons, where a cell’s apical surface is demarcated by the vertices and the junctions
which it shares with its nearest neighbours, as seen in Figure 2.1. The third dimension
is the height of the epithelium and it is not explicitly included in the model. Therefore,
the apical surface of a cell is approximated by a polygon and we are concerned with
modeling a polygonal tiling. A polygonal tiling is an example of a 2d graph and so we
are concerned with a study of random 2d graphs, with certain constraints that reflect
realistic tissue configurations.
The dynamic variables are the positions of the vertices of the polygons. As the
vertex positions change, so do the cells’ size, shape and relative positions. Vertices
are labelled by letters (i,j,...). Cell-cell junctions are labelled by its vertices (ij,kl,...),
and the cells are labelled by Greek letters (α, β,...). Junction length is labelled by lij,
and cell area is Aα.
2.3 Mechanical forces
Epithelial cells exist in a crowded and dynamic environment, and they are subject
to mechanical forces caused by various intercellular processes and the environment.
These forces arise from: the properties of the cell membrane, the activity of the
cytoskeleton, fluid flow within and outside of the cells and compressive stress from
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Aα
lij
W =
￿
cellsα
K
2
(Aα −A0)2￿ ￿￿ ￿
compressibility
+
￿
junctions ij
Λ lij￿ ￿￿ ￿
line tension
+
￿
junctions ij
Γ
2
l2ij￿ ￿￿ ￿
contractility
Figure 2.1: Tissue evolves through displacements of the vertices.
the neighbouring cells. There are also external sources of mechanical compression
induced by other tissues. Finally, active processes such as cell division and cell death
exert a mechanical force. It would be very difficult to try to model the mechanics of
a tissue by including a long list of possible forces, and even if it was done, it would be
very difficult to measure the values of the parameters which describe these individual
forces in the model. Therefore, the force term used in all the different versions of the
cellular Potts’ model includes only a few terms.
The dominant mechanical forces in epithelial tissues are thought to arise from:
1. mechanical properties of the cell cytoskeleton, such as acto-myosin contractility,
2. elastic properties of the cell membrane,
3. tension of the cell membrane due to the composition of the surrounding fluid
and the constituent molecules of the membrane,
4. adhesive properties of cell-cell contacts, and
5. limited compressibility of cell volume.
Taking these factors into account, it is possible to write a work function which
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determines the dynamics of the system:
W =
∑
α
K
2
(Aα − A0)2 +
∑
ij
Λijlij +
∑
ij
Γij
2
l2ij. (2.1)
The gradient of this function describes the instantaneous forces in the system
F (r) = −dW
dr
. Therefore, the system will move towards the state where W has a
minimum, either a local or a global one.
The coefficients multiplying the geometric quantities are physical parameters that
need to be fitted to the experimental values in live tissues. The first term is summed
over all the cells α : K
2
(Aα−A0)2 represents cell area elasticity; Aα is the area of cell
α, A0 is its preferred area and K is the area elasticity coefficient. The preferred area
captures the idea that there is a balance between the forces of outside compression
on a cell (by its neighbours), and the limited compressibility of the cell’s volume.
Therefore, force balance is established at some equilibrium value of cell area A0. In
the simplest version of this model, we assume that all cells have the same preferred
area, although this condition can be readily relaxed (A0 → A(0)α ), for example in order
to study daughter cells with a smaller preferred area than that of the parent cells.
The second and the third term are summed over all the junctions ij. Λijlij repre-
sents line tension of junction ij due to cell-cell adhesion and cell membrane tension.
Actin filaments and myosin motors localise at the cell’s cortical domain and so
they exert force along the junctions.
Γij
2
l2ij represents junctional contractility.
Rearranging 2.1 yields:
W =
∑
α
K
2
(Aα − A0)2 +
∑
ij
(Λijlij +
Γij
2
l2ij)
=
∑
α
K
2
(Aα − A0)2 +
∑
ij
Γij
2
(lij − l(0)ij )2 −
Λ2ij
2Γij
,
with
l
(0)
ij =
−Λij
Γij
.
If mechanical parameters are isotropic (Λij = Λ,Γij = Γ, ∀i, j), then − Λ
2
ij
2Γij
= −Λ2
2Γ
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is constant at every timestep. Since the dynamics does not depend on the absolute
value of the work function, but only on differences ∆W = W2 − W1, the constant
term − Λ2ij
2Γij
is irrelevant in this case, and the work function is equivalent to:
W =
∑
α
K
2
(Aα − A0)2 +
∑
ij
Γij
2
(lij − l(0)ij )2.
Written in this form, the work function yields to an alternative physical inter-
pretation. It favours those polygons which have the area closest to the target area
A0 and the lengths of its junctions closest to the target junction lengths l
(0)
ij . In
isotropic cases (e.g. such as in the absence of planar polarisation in the tissue where
the values of Λij and Γij depend on the orientation of the junction ij) we assume that
contractility and junction line tension are the same for all junctions, and therefore
Λij = Λ, Γij = Γ, and l
(0)
ij = l0. These tissues are expected to have cells with the same
values of target junction length l0, and the work function simplifies to
W =
∑
α
K
2
(Aα − A0)2 +
∑
ij
Γij
2
(lij − l0)2.
This is the expression which is used in the remainder of this Chapter and in
Chapters 3 and 4.
Finally, it is of course possible to have a positive value of cell line tension Λ, so
that the value of target junction length l0 is negative. The adhesive contribution to
Λ has to be small for this to happen. In these circumstances, cell junctions are trying
to constrict no matter how short they are.
2.4 The energy phase-space
An interesting quantity to consider here is a = 4piA0
L2
, the so called target reduced area
of the cell, where L is the cell perimeter. It is a geometric quantity that describes
how much junctional length is needed to enclose a given area by a 2D shape. The
more efficient the packing, the less junctional material is used for a given area, and
the greater the value of a. Therefore, a quantifies how far a given polygon is from
the most efficient polygon in terms of rationing the junctional material. So, for a
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circle which is the most efficient isolated geometric shape in this sense, acircle = 1.
The most efficient polygon in a polygonal tiling is a regular hexagon, and it has the
value a6 = 0.907 (A =
3
√
3
2
l2, L = 6l for the regular hexagonal polygon with junction
length l). Other polygonal shapes have lower values of a.
Hocˇevar and Ziherl [44] study the so-called monodispersive polygonal tilings, in
which every polygon has the same value of a, as well as the same area and perimeter.
This is clearly an idealisation of the realistic biological tissue in which the values
of cell areas and cell perimeters are not all the same. However, it is a useful first
approximation. They find that if we consider a set of these simple polygonal tilings,
such that each tiling in the set has a different value of a, there is a phase transition
at the critical value ac = 0.865. In Figure 1.13, we see several such tilings. Their
finding is based on a numerical search. More on the geometric arguments concerning
the relationship between a and the bulk properties of the polygonal tiling can be
found in Chapter 4.
Equally, Farhadifar et al [36] find that there is a phase transition in the 2D phase-
space determined by the parameters of the work function. The corresponding phase-
space in our model is shown in Figure 2.2.
-1 -0.8 -0.6 -0.4 -0.2 0 0.20
0.5
1
1.5
Normalised line tension Λ = Λ/KA3/20
N
or
m
al
is
ed
co
n
tr
ac
ti
li
ty
Γ
=
Γ
/K
A
0
Hexagonal networkSoft network
Case notum
Figure 2.2: Phase space for our model.
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The line which divides the two phases corresponds to ac = 0.86. To show this,
consider its slope s:
s =
Γ
KA0
×
(
Λ
KA
3/2
0
)−1
=
Γ
Λ
√
A0 =
−1
l0
√
A0.
Squaring this yields
s2 =
1
l20
A0.
Remembering that l0 =
L0
6
where L0 is the perimeter of a hexagonal cell with sides
l0, and that a = 4pi
A0
L20
, we get
s2 =
36
L20
A0
4pis2 = 36 × 4piA0
L20
= 36ac.
Therefore
s = ±
√
36× 0.86
4pi
= ±1.57.
The difference between the phase space in Figure 2.2 and the phase space in
[36] arises because the contractile term in [36] is the perimeter contractility Γ
2
L2α,
whereas in our model we use the junction contractility Γ
2
l2ij. When perimeter con-
tractility is used, the slope of the line that divides the two phases is s = −0.13. It can
be verified that the two slopes are equivalent if one takes into account that L0 = 6l0
and L0 =
−Λ
2Γ
in [36], and therefore the predictions of our model and those in [44] and
in [36] are mutually consistent.
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2.5 The principle of free energy minimisation ap-
plied to the polygonal network
One of the key insights required for modeling biological systems is that equilibrium
models can be used for non-equilibrium problems, under the condition that some pro-
cesses happen a lot faster than others. We make use of this by noting that there
are ”fast” and ”slow” processes in the epithelium. When a cellular junction is laser
ablated, its mechanical response to the change in tension is fast. Equally, the me-
chanical response of the junction which experiences external pulling is fast, as is the
elastic response of cell area. Therefore, if a cell is subjected to external compression,
it will respond quickly. On the other hand, the process of cell division is slow. In
reality, the duration of mechanical readjustment of a junction following a laser cut is
several seconds. The duration of cell division is a lot longer, of the order of one hour.
Therefore, it is useful to study mechanical equilibrium states of the epithelial
network, even though the epithelium is an example of the system out of equilibrium
in which a vast number of active processes are occurring at any given time. We
assume that processes that affect the mechanical properties of the epithelial network
are fast enough to justify the assumption that the system is equilibrated from the
point of view of a slow process such as cell division. However, there is certainly a
fair amount of noise in the epithelial sheet, and perhaps there is enough of it to
be capable of disrupting the state of mechanical equilibrium on non-negligible time-
scales. Noise here is to be understood as the aggregate stochasticity of the system,
resulting from the interconnections between a vast number of processes occurring in a
crowded environment, and ultimately caused by the thermal noise of the constituent
molecules.
In this situation, two sorts of effects are important: those arising from finding the
minimum of the mechanical potential energy, as well as those to do with the uncer-
tainty and randomness in the exact positions of the vertices due to the compounded
noise. We capture this by using Monte Carlo sampling to determine the likely evo-
lution of the system. Since we introduce noise, entropic effects become important.
In such a system, equilibrium states result from a competition between energetic and
entropic effects, and instead of minimising the potential energy of the system, we
minimise its free energy.
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The limiting case when the noise goes to zero results in the equilibrium state being
determined only by the mechanical potential energy and the entropy is zero. On the
other hand, when the noise is very high, the entropic term dominates in determining
the equilibrium state.
2.6 Monte Carlo sampling
The mean value of a thermodynamic variable 〈x〉 is equal to the weighted sum over
all available states s :
〈X〉 =
∑
sXse
−βEs∑
s e
−βEs . (2.2)
Es is the energy of the system in state s, Xs is the value of the thermodynamic
variable in state s and β is a free parameter (in statistical mechanics β is inverse
temperature). The denominator
∑
s e
−βEs is also called the partition function.
It is possible to generate a Markov chain of configurations with the property
that Xn, the average of X over n successive states, converges to the thermodynamic
average:
Xn = 〈X〉+O(n−1/2). (2.3)
So, if we generate an appropriate Markov chain and evolve it through a sufficient
number of successive states, we can approximate the thermodynamic value of the
variable. This is also a computationally practical way of finding the thermodynamic
equilibrium of a system. In equilibrium, the probability of the system occupying state
E is weighted by the Boltzmann factor e−βE. This set of methods is called Monte
Carlo sampling. It is designed to give a thermodynamic mean of a variable, from a
knowledge of the energy. The noise which we use is not thermal, and we distinguish
between a work function and a thermodynamic energy.
Computationally, we construct the Markov chain by using the Metropolis sam-
pling algorithm which is a choice often used in Monte Carlo simulations.
We generate the Markov chain of states {s1, s2, ...} as follows:
P (si → si+1) = 1, if Wi+1 ≤ Wi, (2.4)
= e−(Wi+1−Wi), if Wi+1 > Wi. (2.5)
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This Markov chain converges to the state of dynamic equilibrium. When in equi-
librium, the probability of the system occupying state s is e−Ws . Depending on how
W is normalised, the system can be more or less likely to depart from the the state
of minimal W . The departure from the minimum value of W is allowed is due to the
thermodynamic noise.
It is also important to stress that the successive states of the Markov chain gen-
erated above are correlated. Therefore, it may take a large set of states to find the
equilibrium state. Moreover, the work function W may have many local minima.
When perturbed, the system will relax into one of them. Because the landscape
of the work function W may be very complicated, it is possible to reach a type of
dynamic equilibrium which describes a local minimum of the work function, if the
noise is not large enough for the system to eventually escape from the local minimum
towards the global ground state.
The dynamic variables (or the microstates) are the positions of cell vertices. As
the vertex positions change, so do the cell size, shape and position in the tissue change.
The computational step which evolves the system through the states {si} is imple-
mented as follows. Choose a vertex at random, move it through a small displacement
δ = (δx, δy) and calculate the change in the work-function, ∆W , of the entire tissue. If
∆W < 0, accept the move; if ∆W > 0, accept the move with probability exp(−∆W ).
Moreover, δx and δy are not constant, but they are independent uniformly distributed
random variables on the interval [0, δmax], where δmax is a free parameter. Moves that
lead to polygons not being simply connected are rejected.
Since there is a non-zero probability that the system will occupy state s for which
the energy is not the minimum energy of the system, the system is stochastic at short
timescales. It is reasonable to assume that tissue parameter values do not remain
constant over a period of tens of hours of development, but rather fluctuate at a very
short time scale compared to the time scale for physiological processes and this is a
result of internal cell dynamics. We do not attempt to mimic the precise movements of
cell junctions over short timescales. This would require additional work in quantifying
and characterising fluctuations in junction lengths at these short time intervals. We
assume that the fluctuations are such that the resulting work function is weighted with
the Gibbs measure. This is a common choice of measure in physical systems, since it
is the unique measure which maximises the entropy for a given expected energy.
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It is possible to study the effect of noise in other ways. One option is to introduce
fluctuations in parameter values as is seen in the section on annealing in Farhadifar
et al [36]. The authors randomly vary Λij = Λ(1± µ) at randomly selected junctions
< ij >, where µ is the noise strength.
2.7 Topological changes: T1 and T2
As the tissue evolves, cells can exchange neighbors through a process known as the T1
transition. We implement the following procedure, illustrated in Figures 2.3: At ev-
ery simulation step, we monitor the tissue for junctions shorter than a given threshold
value; if a short junction exists, we attempt a vertex move that reduces the junction
length to zero, using the same acceptance rule as above, and exchange cell neighbors.
Since we allow 4-vertices to form, the T1 transitions are fully reversible (i.e. a junction
can shrink to a 4-vertex and resolve back to its initial state). As T1 transitions occur
in developing epithelia even in the absence of cell divisions, and some of the 4-vertices
resolve back to their original state, modeling T1 transitions as reversible processes
may potentially have important consequences. Confocal micrographs in Figure 2.4
show a T1 transition in live tissue, indicating the typical timescale of 20 minutes.
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T1 transition:
T2 transition:
Figure 2.3: A neighbour exchange or a T1 process
So in the vertex model in the previous section, the system converges to a steady
state, and in this model the network converges to a dynamic equilibrium, as expected
from a stochastic dynamical system with Boltzmannian noise. It is worth pausing to
clarify the terms in this context. A system is in a steady state if the composition of
the system is unchanging in time. A system is in a dynamic equilibrium if the rate
of every ’forward reaction’ is equal to the rate of its ’backward reaction’, and there
is no actual transport of energy. One ’reaction’ in the context of our model is the
T1 transition. Forward and backward directions can be suitably defined. There is
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Figure 2.4: A neighbour exchange or a T1 process
some evidence that T1 transitions occur throughout the tissue even in the absence of
cell divisions, which is consistent with assuming that T1 transitions can be caused by
local fluctuations.
A second kind of topological change - an irreversible T2 transition - can occur
when a cell is extruded from the tissue. As illustrated in Figure 2.5, we model this
by removing any cell that has only 3 junctions and whose apical area is smaller than
the threshold value, typically 1/4 of initial cell target area A0, thus cell death or cell
extrusion occurs when a cell becomes small. The stills from the simulation showing a
T2 process are shown in Figure 2.6.
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T1 transition:
T2 transition:
Figure 2.5: Cell delamination or a T2 process
The tissue patch has continuous boundary conditions and so its topology
is toroidal. Care is taken that the sheet is sufficiently large so that spatial auto-
correlation between cells is negligible. We normally work with sheets which are at
least 10 cells across.
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Figure 2.6: Cell delamination or a T2 process
2.8 Cell divisions
Cell division is externally introduced and it perturbs the system away from equilib-
rium. The rule which decides whether a given cell will divide at a given timestep can
be modified by the user, and we study two different cases, as will be explained later.
Once a cell is chosen, one of its edges is chosen uniformly at random. The midpoint
of this edge is connected with the midpoint of the opposite edge. This introduces
three new edges, one new cell and two new vertices in the system. If the mother cell
has an even number of edges (nc is even), the opposite edge is defined by nc/2 edges
counter-clockwise away from the given edge. If the cell has an odd number of edges,
the opposite edge is defined by (nc ± 1)/2 (either being chosen with probability 1/2)
edges counter-clockwise away from the given edge.
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Figure 2.7: Cell division rule
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2.9 Homeostasis for growing tissues and for tissues
of fixed size
To characterise the model further, we study its equilibrium states. The initial con-
dition is a regular hexagonal network and cell division is introduced to perturb the
system away from equilibrium. The daughter cell target area is set to be equal to the
mother target cell area. The values of the parameters used are shown in Table 2.1.
Table 2.1: Parameters values
A0 1.30
K 160
Λ 56.8
Γ 49.9
These values correspond to realistic biological configurations, as studied by Farhad-
ifar et al [36]. The tissue evolves through several rounds of cell divisions. Four different
cases are compared, each corresponding to a possible biological realisation.
2.9.1 Tissue of finite size with co-ordinated cell divisions
An example of a developing tissue of finite size is the Drosophila notum during the
pupal stages. The total tissue size and shape do not change, however, there are cell
divisions and neighbour rearrangements, and the total number of cells increases. We
model this situation by simulating a tissue of fixed size with ongoing cell division
and observe the resulting tissue behaviour. Cell division times in the notum are
coordinated, so that all cells divide within a given time interval after which the division
process halts for several hours before the onset of the next round of cell divisions.
Thus, cell division times can be modelled by the gamma distribution, so that the
probability of division of cell i at age ti has the following probability density function:
f(ti) = t
n−1
i e
−λtiλti/(n− 1)!,
where ti is the age of the cell i, and n determines the length of a division round.
In the simulations shown in Figure 2.8, n = 101. λ determines the time between two
successive division rounds, λ = tgen, with tgen = 6000.
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The external input of energy via cell divisions is eventually counterbalanced by
the internal response of the system which irreversibly loses energy through the T2
transitions. Hence, the total number of cells eventually reaches a dynamic equilibrium,
as shown in Figure 2.9, Panel 2. This is a natural way to generate configuration states
to use as initial conditions when studying realistic biological configurations.
The polygon distribution also reaches a state of dynamic equilibrium after about
20 000 timesteps, as shown in Figure 2.9, Panel 5. The equilibrium distribution of
polygon types depends both on the precise rule of cell division and on on the values
of the parameters n and λ, and it is shown in Panel 1, Figure 2.17.
The number of T1 and T2 transitions reaches a periodic pattern after the first 3
division rounds (Figure 2.9, Panel 3 and 4). The number of transitions peaks during
the time period in which cells divide, and it decreases when the divisions stop.
2.9.2 Tissue of finite size with a uniform rate of cell division
To test whether the co-ordination of cell division has a large effect on equilibrium
properties, we change the timing of cell divisions. Here, cell division rate is uniform.
The probability that a cell divides at each timestep is the same and equal to P =
1/tgen. That is to say, consecutive cell division events are modelled as a Poisson
process. This results in the division events being exponentially distributed, so that
the probability that cell i has divided by reaching age ti has the following probability
density function:
f(ti) = e
−λtiλ.
Stills showing tissue evolution for λ = 1/tgen = 1/6000 are shown in Figure 2.10.
In this case, too, the total number of cells reaches an equilibrium as shown in Figure
2.11, Panel 2. Since the size of the tissue is constrained, this also means that the
average area available to a cell reaches an equilibrium value (Figure 2.11, Panel 6).
The polygon distribution too reaches a volatile dynamic equilibrium (Figure 2.11,
Panel 5 and Figure 2.17, Panel 2). The rates of T1 and T2 transitions (Figure 2.11,
Panel 3 and 4) also equilibrate. Comparing the T1 and T2 rates to the case of co-
ordinated cell division, it is apparent that the periodic trend observed in the previous
section is now largely lost, as is expected when switching from co-ordinated to uniform
division.
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Figure 2.8: Stills showing evolution of tissue of fixed size with co-ordinated cell di-
visions. Colour coding: Blue - generation 1; Green - generation 2; Red - generation
3; Turquoise - generation 4; Magenta - generation 5; Green - generation 6; Blue -
generation 7; Yellow - generation 8.
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Figure 2.9: Graphs showing evolution of tissue of fixed size with co-ordinated cell
divisions.
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Figure 2.10: Stills showing evolution of tissue of finite size with a uniform rate of cell
division. Colour coding: Blue - generation 1; Green - generation 2; Red - generation
3; Turquoise - generation 4; Magenta - generation 5; Green - generation 6; Blue -
generation 7; Yellow - generation 8; etc.
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Figure 2.11: Graphs showing evolution of tissue of finite size with a uniform rate of
cell division.
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2.9.3 Growing tissue with co-ordinated cell division
We now simulate a tissue of unconstrained size. The total tissue area Abox = xmax ×
ymax is updated at every 5
th timestep using the same probabilistic rule as the one for
vertex moves. The change
xmax → xmax × (1 + px)
ymax → ymax × (1 + py)
is accepted with the following probabilities:
if W ′ < W, probability 1,
if W ′ ≥ W, probability e−∆W ,
where px = (r1 − 0.5)× P and py = (r2 − 0.5)× P with P = 0.01, and r1, r2 random
numbers between 0 and 1; W is the work function before the change, W ′ is the work
function after the change, and ∆W = W ′ −W.
As previously for the case of a tissue of fixed size, we study and compare the equi-
librium states resulting from co-ordinated cell divisions and uniform cell divisions. The
co-ordinated cell divisions are simulated using the same gamma-distributed probabil-
ity of cell division used for the tissue of constrained size, as described in Section 3.9.1.
The stills showing growing tissue with co-ordinated cell divisions are shown in Figure
2.12.
The most obvious distinction to the previously presented cases, where the tissue
size is fixed, is that the total cell number for the growing tissue does not saturate, but
keeps growing at a nearly exponential rate (Figure 2.13, Panel 2). Equally, the rates
of T1 and T2 transitions increase with the increase in the total number of cells. They
also exhibit a periodic trend, similar to the one observed for the co-ordinated cell
division in a fixed tissue. However, the rate of T1 transitions per cell is significantly
lower for the growing tissue when compared to the fixed tissue. There are more than
15 T1 transitions per cell in a fixed tissue for every T1 transition per cell in a growing
tissue, as can be seen by comparing Panels 2 and 3 in Figure 2.9 with those in Figure
2.13. Similarly, there are fewer T2 transitions in the growing tissue than there are in
the tissue of fixed size. There are around 10 T2 transitions in the tissue of fixed size
for every T2 transition in the growing tissue, as can be seen by comparing Panels 2
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and 4 in Figure 2.9 with those in Figure 2.13. This is consistent with the assumption
that the fixed tissue with cell division experiences higher compression as the total
number of cells increases and therefore mechanical forces favour T2 transitions as a
means of reducing the total cell number and thus reducing the overcrowding.
The distribution of polygon types is shown in Panel 5 of Figure 2.13 and the
equilibrium probability distribution in Figure 2.17, Panel 4.
Figure 2.12: Stills showing evolution of growing tissue with co-ordinated cell divi-
sion. Colour coding: Blue - generation 1; Green - generation 2; Red - generation 3;
Turquoise - generation 4; Magenta - generation 5; Green - generation 6.
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Figure 2.13: Graphs showing evolution of growing tissue with co-ordinated cell divi-
sion.
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2.9.4 Growing tissue with a uniform rate of cell division
Finally, in Figure 2.14, we show the simulation of a growing tissue with the uniform
rate of cell divisions. The rule for the cell divisions is the same as the one described
in Section 3.9.2., i.e. cell division events are modelled as a Poisson process. Figure
2.15 shows the characteristics of the equilibrium reached in this case, and Figure 2.17,
Panel 4 shows the equilibrium polygon distribution.
Figure 2.14: Stills showing evolution of growing tissue with a uniform rate of cell
division. Colour coding: Blue - generation 1; Green - generation 2; Red - generation
3; Turquoise - generation 4; Magenta - generation 5; Green - generation 6; Blue -
generation 7; Yellow - generation 8; etc.
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Figure 2.15: Graphs showing evolution of growing tissue with a uniform rate of cell
division.
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2.9.5 The effect of noise on tissue homeostasis
In order to check the possible effect of the level of noise on the polygon distribution
and on the T1 and the T2 rates, we simulate a growing tissue with co-ordinated cell
division with noise increased to 5 times the value used for the previous simulations
(parameter values shown in Table 2.2).
Table 2.2: Parameters values for the higher noise simulation.
A0 1.30
K 32.0
Λ 11.36
Γ 9.98
The results are shown in Figure 2.16 and in Panel 5 of Figure 2.17. It is interesting
to note that higher noise leads to a more ordered tissue, as reflected by the low value
of the variance of the equilibrium polygon distribution (Table 2.3). This could be be-
cause noise enables the T1 transitions that are required to redistribute edges amongst
adjacent cells following a division event. Therefore, increasing noise corresponds to
annealing the tissue. A low value of noise would forbid any vertex move that increases
the value of the work function and the evolution would occur strictly in the direction
of a decrease in the work function. Increasing the value of the noise corresponds
to enabling the cell configuration to better explore the work function landscape and
therefore leave local equilibria in order to find the global equilibrium. Since increasing
the value of the noise leads to a more ordered tissue, we conclude that the entropic
contribution of the noise is not significant to the equilibrium configuration, since the
entropic contribution induces disorder with the increase in the value of noise. Hence,
it is safe to assume that the equilibrium configuration depends predominantly on the
mechanics of the tissue and on the rule for cell divisions and the choice of their timing,
rather than on the value of the noise.
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Figure 2.16: Graphs showing evolution of growing tissue with co-ordinated cell divi-
sion with noise increased to 5 times the value used for the previous simulations.
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Table 2.3: Probability distribution of polygon types for tissue of fixed size with co-
ordinated and uniform cell division, and for the growing tissue with coordinated and
uniform cell division, and a growing tissue with coordinated cell divisions with higher
noise.
EX V ar(X)
Box coord. 6.00 1.23
Box uniform 6.00 1.55
Free coord. 6.00 1.31
Free uniform 6.00 2.67
Free coord. noise 6.00 1.03
2.10 Discussion
Although this is a greatly simplified model of epithelial tissues, several interesting
conclusions could be made based on the generic features of cell-cell networks.
It is interesting to note that the synchronized division clearly yields a lower vari-
ance than random division (Table 2.3). Presumably, the function of epithelial tissues
as barriers would favour uniformity and order. Since coordinated cell division yields
a lower variance and hence more unformity, the tissue would favour coordinated cell
division to stochastic cell division. Indeed, cell division in the notum of the develop-
ing Drosophila Melanogaster is coordinated in that it takes place during defined time
periods followed by quiescent periods in which no divisions occur.
We also see that the polygon distribution in the tissue with fixed size has a lower
variance than the unconstrained tissue, both for the case of coordinated and uncoor-
dinated cell division.
Furthermore, we see that increasing noise can produce a more regularly packed
epithelium. Future research should focus on identifying the spectrum of the noise,
since this my have an effect on equilibrium configurations.
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Live cell delamination as a novel
homeostatic process
Author contributions: This chapter describes the results of a collaborative project with
Eliana Marinari and Buzz Baum from LMCB, UCL. The experiments and data anal-
ysis were performed by E. Marinari under the supervision of B.Baum. The modeling
and simulations were performed by me. The direction and the final conclusions of the
project were the result of collective effort of E. Marinari, B. Baum, T. Duke and me
during our numerous meetings in 2010 and 2011.
3.1 Introduction
Homeostasis is a general principle of functioning of living organisms. It refers to
their ability to regulate their internal state in response to fluctuations in the external
conditions, so as to stabilise their health and functioning. Homeostasis is believed to
be achieved through a system of positive and negative feedback mechanisms. In tissue
growth and development, as well as in adult tissue renewal and maintenance, cells
respond to cues in their environment in an orchestrated manner, in order to achieve the
desired tissue-level outcome. For example, in the case of cell apoptosis in an epithelial
tissue, cells die and leave the tissue without disrupting the structural integrity of the
epithelium. Since epithelia must provide tight barriers between the organs and tissues
which they envelop, preserving epithelial structure amounts to ensuring that epithelial
function is uninterrupted (Rosenblatt et al [52]), while individual cells are recycled
and the tissue is renewed.
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In general, understanding homeostatic mechanisms is important for understand-
ing how tissues grow and develop and what their dynamics is in an adult organism.
Since the disruption of homeostasis is linked to disease, most prominently to tumouri-
genesis, it is of central concern to dissect the details of healthy homeostasis as well
as understand the transition to and the details of an unhealthy type of homeostasis.
For example, recent work (Basan et al [53]) proposes to quantify the deviation from
the equilibrium homeostatic tissue pressure as a parameter that directly affects the
likelihood of metastases in tumours.
In this chapter, through a series of experiments supported by computational anal-
ysis, we believe to have identified a novel process of homeostasis whereby living cells
leave an epithelial tissue in response to mechanical cues (Marinari et al [54]). This is
one of the first direct demonstrations of the role of mechanics in tissue growth control.
3.2 The role of mechanics in tissue morphogenesis
In recent years, several researchers have proposed a role for mechanics in the regulation
of tissue growth and in morphogenesis in general (Bittig et al [55], Landsberg et al
[56], Ranft et al [57], Shraiman [50], Hufnagel et al [35], Solon et al [58], Solon et al
[59], Aegerter-Wilmsen et al [60]).
The majority of published work focuses on the possible theoretical frameworks
which would enable mechanical regulatory functions in tissues. Here, I review the
most notable theoretical contributions.
Shraiman [50] proposes that uniform tissue growth could be the result of the
negative feedback induced by mechanical stress in the tissue on the cell division rate.
Hufnagel et al [35] propose a theoretical framework which would explain the arrest
of tissue growth when an organ reaches the desired size. The regulation is effected
through the coupling between cell division and growth rate on one hand, and tissue
stresses and the Dpp morphogen concentration on the other.
Aegerter-Wilmsen et al [60] combine computational analysis with in vivo exper-
iments to propose that mechanical stress induced by cell growth can have an effect
on the cell division rate (and on the length of the cell cycle in general), and that this
coupling would result in a predicted and observable deformation in tissue topology.
They observe the predicted deformation in the Drosophila wing disc and conclude that
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there is strong evidence to believe that cell growth is indeed coupled to the rate of cell
divisions through mechanical feedback. This is an indirect experimental confirmation
of the role of mechanics in the regulation of tissue growth.
Ranft et al [57] present a theoretical analysis showing that tissue at large scales
effectively behaves as a viscoelastic fluid, where cell division and apoptosis are stress
sources.
Through a combination of results from the continuum theory of fluids and aided by
a discrete computational model of cells, Bittig at al [55] find that under fairly general
assumptions, anisotropy in the orientation of cell division results in the accumulation
of mechanical stress which would spontaneously shear the tissue.
Aigouy et al [61] establish the effect of anisotropic tension on tissue shape and cell
orientation, whereby the tension affects cell elongation, cell rearrangements and cell
divisions. The model system is the Drosophila wing in the pupal stage. The wing
hinge contracts and induces anisotropic tension in the wing blade. This tension in
turn affects cell division, cell elongation and cell movement, so that long range cell
orientation and the planar cell polarity axis is aligned with the proximal distal axis.
The role of mechanics in tissue organisation and tissue growth has received con-
siderable attention in the literature in the past few years. Here, we build on this body
of work to look for the connection between mechanical stress in the tissue and the
rate of cell delamination.
3.3 The role of apoptosis in tissue homeostasis and
morphogenesis
Apoptosis is the process of programmed cell death. It involves the activity of many
genes (Hengartner [62]), and it is essential for maintaining homeostasis in adult ep-
ithelia and for shaping a developing embryo.
In adult epithelia, cells are disposed of through apoptosis. Rosenblatt et al [52]
show that a dying cell sends a signal to its neighbours, which mobilizes actin and
myosin within the neighbours to form a ring surrounding the dying cell. A similar
acto-myosin ring also forms within the dying cell too. This mechanical ring extrudes
the dying cell from the tissue and the neighbours close the resulting gap with their
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bodies. In this way, tissue function as a barrier is never compromised and dying cells
do not expose gaps, as was confirmed by electrical resistance studies [52].
More recently, apoptosis was shown to play a role in tissue development too
(Manjo´n et al [63]). Since apoptosis involves spatial rearrangements and the re-
cruitment of acto-myosin, it is a force-generating process. This apoptotic force could
conceivably be put to a good use, if organisms optimise the use of available energy
sources. Remarkably, Toyama et al [64] show that apoptotic force does indeed help
drive dorsal closure in Drosophila embryos, a morphogenetic process that requires
mechanical pulling.
We study delaminating cells in the developing Drosophila notum where the relief
of mechanical stress through cell delamination can play a role in tissue morphogenesis.
3.4 Cells in the midline delaminate more often than
they do elsewhere
The notum is the future dorsal thorax of the fly. It forms when two opposing imaginal
wing discs meet and merge in the region of the tissue called the midline (Figure 3.1,
also Section 1.2).
Figure 3.1: The midline of the notum has a different geometry from the rest of the
tissue at the beginning of pupal development.
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Figure 3.2: The cells in the midline at (a) the beginning and at (b) the end of pupal
development.
During pupal development, the notum retains a fixed shape and constant size.
However, there are significant internal changes that occur during this period. Most
cells divide, some cells leave the tissue, the cells in the midline change shape and the
overall packing of the cells becomes a lot more regular and isotropic towards the end
of pupal development.
At the onset of pupal development, it is apparent that cells in the midline have a
different shape than the surrounding cells. They appear elongated and squashed. As
cells rearrange and the tissue organises, these anisotropies disappear (Fig 3.2).
Apart from the changes in cell shape which lead to the establishment of a homo-
geneous tissue throughout the notum, there is another striking feature of the midline
pupal development. The cells in the midline leave the tissue much more often than do
cells outside the midline. At the end of pupal development, during the period from
15h to 26h after pupa formation (APF), 32.5 ± 13.6% of cells in the midline have
delaminated basally, in contrast to 0.5±0.3% of cells in the surrounding tissue (mean
± s.d., n = 4 pupae), (Fig. 3.3, 3.4).
3.5 The spatial and the temporal patterns of de-
lamination appear to be stochastic
In the experiments performed by E. Marinari and B. Baum, there were no discernible
regular patterns of cell delamination. First, looking at different animals, the pattern
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Figure 3.3: The cumulative percentage of cells that have delaminated in the midline
and in the outside tissue at the end of pupal development.
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Figure 3.4: The cumulative percentage of cells that have delaminated in the midline
and in the outside tissue at the end of pupal development.
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of delamination varies. Second, there is no symmetry in the delamination around
the midline. This rules out the roles of cell position or of developmental time as the
causes of delamination. Third, cell delamination occured both before and after cell
divisions, and the proportion of cells that delaminated before and after the division
varies. Finally, it is common that only one of two sister epithelial cells delaminates.
This rules out the role of cell lineage as the determinant of delamination.
Therefore, we conclude that it is highly likely that cell delamination is both tem-
porally and spatially stochastic.
3.6 Tissue in the midline appears to be compressed
by mechanical stress
Might it be that tissue stress were the main cause of cell delamination? Cells in
the midline appear elongated, as if they are under compression. Before the onset of
delamination, the aspect ratio of the cell in the midline was on average 2.7 times longer
than it was wide, as measured along the antero-posterior axis of the body. However,
their apical areas are not very different from those of the cells in the surrounding
tissue (48.5± 14.2µm2 in the midline and 51.3± 12.7µm2 outside). Furthermore, the
junctions of the midline cells appear wiggly and irregular (Figure 3.6).
To further investigate whether the midline cells experience higher mechanical com-
pression than the surrounding cells, experiments were done to see how cell nuclei are
positioned along the apico-basal (or the z) axis. In the left panel of Figure 3.5, it can
be seen that the nuclei of the cells in the midline are positioned more basally than the
nuclei of the surrounding tissue. This suggests that these midline nuclei are pushed
down by a compressive force, as would happen in a crowded environment. Moreover,
the aspect ratio of the nuclei of the midline cells is elongated, with the long/short
axis ratio of 1.9± 0.4. In comparison, the nuclei of the cells in the surrounding tissue
are nearly round, with a long/short axis ratio of 1.1± 0.1.
Finally, laser cuts experiments reveal that junctions in the midline are under more
tension than the surrounding cells. Following a laser nano-dissection of the junction,
the junctions in the midline moved by 0.6 ± 0.2µm at 10s and 0.7 ± 0.3µm at 16s.
This is in clear contrast with the junctions outside the midline, which moved through
Chapter 3 66
0
0.5
1
1.5
2
2.5
3
M OM
n=4
Midline (M) Outside midline (OM)
10s
16s
10s M 10s OM 16s M 16s OM
Ve
rte
x 
di
sp
la
ce
m
en
t (
µm
)
p<0.05
p<0.05
n=15Early pupae
0
0.5
1
1.5
2
2.5
3
10s M 10s OM 16s M 16s OM
Ve
rte
x 
di
sp
la
ce
m
en
t (
µm
)
n=15Late pupae
14
h 
A
P
26
h 
A
P
%
 d
el
am
in
at
io
n
p<0.05
0
0.5
1
1.5
2
2.5
M OM
n=10
lo
ng
 a
xi
s/
sh
or
t a
xi
s 
of
 n
uc
le
i
a
c
OM
OM
M
z=0 µm z=-3.6 µm z=-4.5 µm z=-5.4µm
His::RFP
0
10
20
30
40
50
Ecad::GFP
OM
OM
M
14h-26h AP
Cells that delaminate before division
Cells that delaminate after dividing
Cells that divide and only one 
daughter cell delaminates
Daughter cell that delaminates
b
d e
10s
16s
f g
0s 0s
OM
OM
M
0
0.5
1
1.5
2
2.5
3
M OM
n=4
Midline (M) Outside midline (OM)
10s
16s
10s M 10s OM 16s M 16s OM
Ve
rte
x 
di
sp
la
ce
m
en
t (
µm
)
p<0.05
p<0.05
n=15Early pupae
0
0.5
1
1.5
2
2.5
3
10s M 10s OM 16s M 16s OM
Ve
rte
x 
di
sp
la
ce
m
en
t (
µm
)
n=15Late pupae
14
h 
A
P
26
h 
A
P
%
 d
el
am
in
at
io
n
p<0.05
0
0.5
1
1.5
2
2.5
M OM
n=10
lo
ng
 a
xi
s/
sh
or
t a
xi
s 
of
 n
uc
le
i
a
c
OM
OM
M
z=0 µm z=-3.  - .5 µm z=-5.4µm
His::RFP
0
10
20
30
40
50
Ecad::GFP
OM
OM
M
14h-26h AP
Cells that delaminate before division
Cells that delaminate after dividing
Cells that divide and only one 
daughter cell delaminates
Daughter cell that delaminates
b
d e
10s
16
f g
0s 0s
OM
OM
M
Figure 3.5: The tissue in the midline is compressed as indicated by the aspect ratio
of the cell nuclei as well as the positions of the cell nuclei on the z-axis.
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BFigure 3.6: Junctions between cells in the midline of the notum are convoluted as if
subject to compression. Timelapse of junctions in the midline (M) and outside the
midline (OM), visualized with E-cad::GFP. Scale bar, 5µm.
only a third of that displacement, namely by 0.2± 0.3µm at 10s and 0.3± 0.2µm at
16s, following the laser cut.
Significantly, at the end of pupal development, by 26h APF, this difference in
junctional tension disappears. The measurements of 1.19±0.6µm for junctions within
the midline region and 1.19 ± 0.5µm for those outside of the midline at 10s after
laser cutting (1.6 ± 0.5µm and 1.7 ± 0.8µm respectively at 16s) show that isotropy
is established. This indicates that the variation of the mechanical stress across the
tissue disappeared and the tissue reached a mechanical equilibrium. Wiggly junctions
have disappeared too, and the junctional tension is higher than it was for the early
pupae. Also, the nuclei are no longer compressed.
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Figure 3.7: Quantification and kymograph analysis of vertex displacement after laser
ablation for early pupae (14h-16h AP). Images show the junction before the cut and
the kymograph after the cut (0s). Dotted lines indicate 10s and 16s after cutting.
Scale bar, 10µm.
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Figure 3.8: Quantification of the vertex displacement of single junctions after laser
ablation for late pupae (24h-26h AP).
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These results suggest that cell delamination may be a mechanism through which
the tissue releases excess stress in order to reach isotropy and mechanical equilibrium.
3.7 High compression in rapid growth mutants in-
creases cell delamination
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Figure 3.9: The height of an epithelium correlates with the growth rate. Average
tissue height (n=20 different regions from 4 different pupae) for control, tissues ex-
pressing p110 PI3K (inducing high growth), Tsc1 and Tsc2 (inducing low growth),
and RNAi targeting Warts (inducing high growth). Scale bar, 10µm.
In order to test the role of compression in inducing cell delamination, a series of
experiments were performed. By creating suitable mutant animals in which growth
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Figure 3.10: Junctional tension as measured by vertex displacements upon laser ab-
lation in animals expressing high levels of Tsc1 and Tsc2 is uniform across the whole
tissue. Scale bar, 10µm.
is manipulated in order to produce tissues with varying amounts of compression, it is
possible to test the hypothesis that compression induces delamination.
Mutants were created with:
1. high growth (p110 PI3K expression, Warts RNAi, PTEN RNAi)
2. low growth (Tsc1, Tsc2 expression, p110 PI3K RNAi)
3. inhibited cell division (Cdc25 RNAi).
To this end, ectopic gene expression and RNAi were used to target components of
the PI3K and hippo pathways within the pnr expression domain.
The mutant tissue p110 exhibits more growth as measured by a 1.5 fold increase
in cell height as shown in Figure 3.9. This increase in growth and overcrowding is
accompanied by a significant increase in cell delamination within the midline, as seen
in Figure 3.11 and 3.12. It is telling that the enhanced growth also induced higher
rates of cell delamination in the surrounding tissue. Moreover, in these high growth
mutants, tissue appears to buckle in regions around the midline. As seen in Figure
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3.13, cell delamination is particularly high around these folds, which appear crowded
and where mechanical stress is likely to be high.
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Figure 3.11: Cell delamination rate correlates positively with the rate of cell growth
in mutants with high and low growth. Cells that delaminate are marked with colours.
Scale bars 10µm.
Now, considering a reverse situation, where growth is reduced, we observe a similar
impact on delamination. Animals expressing PI3K RNAi and also both Tsc1 and Tsc2
have lower cell growth as seen from inspecting tissue height, Figure 3.9. Growth was
entirely absent in animals that survived the expression of RNAi targeting a subunit
of the 5S ribosome. Cell delamination is indeed lower in these low growth mutants
(Figure 3.11), which is consistent with the hypothesis that delamination depends on
compression.
Junctional tension was measured in the case of low growth animals (Figure 3.10).
Consistently with the hypothesis, junctional tension correlates with the changes in
growth rates, and in the case of low growth and low delamination mutants, the tension
is uniform across the whole tissue.
Finally, to check whether cell delamination depends on cell division, mutants with
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Figure 3.12: The rate of delamination in rapid growth mutants, and in the suppressed
growth mutants, compared with the wild-type tissue. Average rates of delamination
(n=3 pupae) for cells in the midline and outside midline in control animals, in tissues
where growth was increased (p110 PI3K expression, PTEN RNAi, Warts RNAi) and
in nota with reduced growth (p110 PI3K RNAi, Tsc1 and Tsc2 expression).
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Figure 3.13: Tissue buckles under lateral compression. Scale bar, 10µmu.
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inhibited cell division (expressing RNAi for Cdc25) were produced. As shown in
Figure 3.14, cells in the midline continue to delaminate.
 
> Cdc25 RNAi
Figure 3.14: Z projection of Ecad::GFP tissue expressing RNAi for Cdc25. Although
division is inhibited, local cell delamination in the midline region continues (labeled
in white) over a period of 135 min. Scale bar, 10µm.
3.8 Modeling the midline mechanics
Having thus narrowed down the options for the primary cause of cell delamination,
by excluding the role of cell lineage, positional information or developmental time
information, it is sensible to consider the effect of mechanical stress in the epithelial
sheet. To this end, we use our vertex model of tissue mechanics, suitably adapted for
studying the notum.
The first test we consider concerns the anisotropy of the tissue in the midline. On
quick inspection, it is clear that the tissue in the midline is not in a state of mechanical
equilibrium as defined by the work function of the model. Cells are elongated with an
average aspect ratio of 2.7:1, and since the work function has no inbuilt asymmetry
or anisotropy, this must be an out-of-equilibrium configuration. Therefore, as tissue
evolution would proceed towards minimising the free energy, this would induce tissue
rearrangements towards an isotropic configuration.
In preparation of the initial conditions, the parameter values are chosen to result in
distributions of cell size and junction number that reflect realistic tissue configurations,
as described by Farhadifar et al [36]. The parameter values are displayed in Table
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3.16. Although our work function expression differs from that in [36], we believe that
the effect of this change on the resulting equilibrium configuration is not large.
To be more exact, the polygonal distribution of the cellular network in the initial
condition we use is shown in Figure 3.15. This polygonal distribution is thought to
closely reflect the equilibrium tissue configuration in vivo, as studied by Gibson et al
in [41], reproduced in Figure 3.15.
We prepare the initial condition by starting with the regular hexagonal lattice
with N = 120 cells, and let it evolve through 5 rounds of cell divisions. The crowding
of the tissue resulting from cell divisions is accompanied by T2 transitions, and the
cell number eventually equilibrates at N0 = 240. The rectangular area is fixed at
Atissue = N0A0.
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initial conditions (Perron–Frobenius theorem)24. We calculated the
exact equilibrium E directly from the matrix T ¼ PS to be approxi-
mately 28.9% pentagons, 46.4% hexagons, 20.8% heptagons and
lesser frequencies of other polygon types (Fig. 2b; see Methods). The
model also predicts that the population of cells should approach this
distribution at an exponential rate. Consequently, global topology
converges to E in less than eight generations, even for initial
conditions where every cell is quadrilateral, hexagonal, or nonagonal
(Fig. 2c). Furthermore, we modelled defective interface formation
between mitotic siblings, and found that E is robust to small error
rates (Supplementary Data).
To validate whether E exists in vivo, we determined the actual
polygon distribution in the developing Drosophila wing. Notably,
empirical counts closely matched E for every major polygon class to
within a few per cent (n ¼ 2,172 cells; Fig. 3a). Only the small
percentage of four-sided cells was unaccounted for, an effect attribu-
table to the mean field approximation (Box 1 and Supplementary
Data). In addition, the variation between individual imaginal discs
was minimal (see error bars for Fig. 3a; see also Supplementary Fig. 2).
Our first-order Markov model can therefore explain global topology in
the Drosophila wing disc epithelium, including the predominance of
hexagons, based on the mechanism of cell division alone. A unique
advantage of this simple model is its generality, particularly given the
conservation of fundamental aspects of adhesion and mitosis in
monolayer epithelia. Consistent with this, we found that polygon
topology in the tadpole tail epidermis of the frog Xenopus (n ¼ 1,051
cells) and in the outer epidermis of the freshwater cnidarian Hydra
(n ¼ 602 cells) also closely approachedE (Fig. 3a). Although the details
of cell division in these organisms remain to be described, we infer
that the same equilibrium topology will emerge in most multicellular
eukaryotes. Indeed, the reported cell topology in plant epidermis is in
remarkably close agreement with our results (25.1% pentagons,
47.4% hexagons and 22.4% heptagons)8.
In addition to predicting the equilibrium topology, our model also
provides a quantitative framework for further insights into epithelial
organization. For example, the model predicts that each cell in the
population must gain an average of one side per cell cycle (Box 1).
Confirming this, we found that the average mitotic cell (at the end of
the cell cycle) possessed not six (5.94 ^ 0.06) but rather seven sides
(6.99 ^ 0.07; Fig. 3b, c; n ¼ 177 mitotic figures). This indicates that
epithelial cells accumulate additional sides until mitosis, at which
time they divide into two daughters of lesser sidedness. Topological
equilibrium is therefore achieved as a balance between autonomous
and non-autonomous division events.
Figure 2 | A robust equilibrium topology in proliferating epithelial cell
networks. a, Schematized Markov chain model representing proliferation
dynamics for polygonal cells. Cells occupy a series of discrete states
representing polygon classes from four to nine sides. To simulate a round of
division, cells either recycle to the same state (curved arrows) or transition to
a new state (straight arrows) according to the probabilities encoded by the
neighbour effect transition matrix T (expressed here as fractions).
Transitions from states s with an equilibrium probability ps , 10
24 have
been omitted for clarity. b, Within ten generations, the distribution of
polygonal shapes converges to E, comprising 28.88% pentagons, 46.40%
hexagons, 20.85% heptagons, 3.59% octagons and 0.28% nonagons.
c, Emergence of E regardless of initial conditions where all cells are
uniformly quadrilateral, hexagonal or nonagonal.
Figure 3 | An emergent topological order in proliferating epithelia. a, In
close accordance with the theoretical equilibrium topology (yellow),
Drosophila wing disc (pink, n ¼ 2,172 cells), Xenopus tail epidermis (green,
n ¼ 1,051 cells) and Hydra epidermis (blue, n ¼ 602 cells) all exhibit a
similar non-gaussian distribution of epithelial polygons with less than 50%
hexagonal cells and high (and asymmetric) percentages of pentagonal and
heptagonal cells. Error bars indicate standard deviation between individual
samples. The inset indicates relative phylogenetic positions for Drosophila,
Xenopus andHydra26. b, Prophase cells (marked with anti-phospho-histone
H3; red) stained for cell junctions (Dlg, green) to quantify cell sidedness.
Most mitotic cells are seven-sided. c, Polygonal cells in the Markov model
(predicted, blue) and Drosophila wing disc (empirical, green) have an
average of six sides. The population of mitotic cells is shifted, reflecting an
average of seven sides. d, Cells on the periphery of a string-expressing clone
(green) in the peripodial epithelium have fewer sides. Note the presence of a
triangular cell, not observed under normal circumstances (yellow arrow;
Dlg, red). e, The distribution of polygon types on the periphery of string-
expressing clones (red; n ¼ 295 cells in 24 clones) is shifted to reflect a
predominance of pentagons, and deviates from controls (green, n ¼ 411
wild-type peripodial cells).
LETTERS NATURE|Vol 442|31 August 2006
1040
Figure 3.15: a. The distribution of polygons for the initial condition; Cell num-
ber=240. b. Theoretical equilibrium distribution (Adapted from Gibson et al [41]).
 13
tissue for junctions shorter than a given threshold value; if a short junction exists, we 
attempt a vertex move that reduces the junction length to zero, using the same acceptance 
rule as above, and exchange cell neighbors. This procedure allows for reversible changes in 
the topol gy of the tiss e. A second kind of topological change – an irreversible T2 
transition – can occur when a cell is extruded from the tissue. As illustrated in Fig. S6B, 
we model this by removing any cell that has only 3 junctions and whose apical area is 
smaller than a given threshold value. 
 
Parameter values are chosen to produce distributions of cell size and junction number that 
reflect real epithelial tissues, as described in Farhadifar et al.3.The set of parameters that 
corresponds to the situation where the tissue is uncompressed is specified in Table S1, 
where initially we have N0=240 cells in fixed rectangular area Atissue= N0A0. To model the 
altered initial geometry of the midline, the initial configuration is affinely deformed 
(preserving its total area) to give an aspect ratio of 2.7, corresponding to the measured 
average aspect ratio of the cells. Tissue may be compressed by external forces, as it is in 
the midline, or as a consequence of cell growth in rapid growth mutants. We quantify the 
degree of compression by a parameter γ and model compressed tissue by changing the 
values of the parameters as indicated in Table S1; these new parameter values correspond 
to a tissue that would have the same value of the work function, and hence the same 
equilibrium configuration, were it free to expand so that its total area was larger by a factor 
γ. For the simulation of the midline in Fig. 3B, the case of high co pression corresponds to 
γ = 4, the wildtype is γ = 2, and no compression is γ = 1.  
 
Uncompressed tissue Compressed tissue 
A0 = 1.30 A0’ = γA0 
K = 160 K’ = γ -2 K 
Λ = 14.2 Λ’ = γ -1/2Λ 
Γ = 49.9 Γ’ = γ -1Γ 
 
Table S1: Parameter values for uncompressed and compressed tissue. 
 
 
Figure 3.16: Parameter values for uncompressed and compressed tissue.
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Figure 3.17: The distribution of polygons for the final configuration; Cell number,
196.
3.9 Anisotropy and cell delamination
The first set of simulations tests whether there is a correlation between anisotropy
and higher cell delamination. To model anisotropy, the initial condition is affinely
scaled in such a way to produce the average cell aspect ratio of 2.7:1, as measured in
live tissue (see Figure 3.18). The total area of the tissue, as well as the individual cell
areas are invariant under this transformation.
Figure 3.19 summarises the results of this set of simulations. We find that the
tissue which starts in an anisotropic state experiences more cell delamination. Fur-
thermore, as cells rearrange and delaminate, the tissue evolves towards an isotropic
geometric state. The topology also changes - as can be seen from Figure 3.17. The
polygonal distribution changes towards a more regular hexagonal network. This is
consistent with the ground state of the work function, which is the hexagonal lattice
for the chosen parameter values (as studied in [36]).
To summarise the effects of cell mechanics:
1. If a tissue is undisturbed (by cell divisions, for example), it evolves towards a
hexagonal network.
2. However, cell divisions increase the work function of the junctional network and
this drives the tissue away from the equilibrium configuration. For this reason,
tissues with ongoing cell division are expected to have a polygonal distribution
similar to that in Figure 3.15.
Chapter 3 75
i j
lij
 
! 
E =
K"
2
A" # A"
(0)( )
2
"
$ + % ij lij +
&ij
2
lij
2
< i, j>
$
< i, j>
$
 
Figure 3.18: Tissue evolves towards an isotropic state; Stills show initial and final cell
configurations for the midline simulation.
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Figure 3.19: The effect of cell geometry on delamination. Stills show initial and final
cell configurations for the midline simulation; values of parameters correspond to the
wildtype tissue.
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The more uniform the spatio-temporal pattern of cell division, the more the junc-
tional network should resemble the equilibrium configuration in Figure 3.15.1 Tissues
in which cell division is absent are expected to evolve towards a hexagonal lattice, as
illustrated by the polygonal distribution in Figure 3.17.
3.10 Tissue compression and cell delamination
The next set of simulations tests if there is a correlation between compression and
higher cell delamination. In the in vivo system, compression may be caused by exter-
nal forces, or by overcrowding of the tissue due to fast cell growth.
We quantify the degree of compression by a parameter γ. Compressed tissue is
modeled by changing the values of the parameters as indicated in Table 3.16; these
new parameter values correspond to a tissue that would have the same value of the
work function, and hence the same equilibrium configuration, were it free to expand
so that its total area was larger by a factor of γ. In Figure 3.20, simulations are
performed for the case of high compression corresponding to γ = 4, for the wildtype
corresponding to γ = 2, and for the no compression case for which γ = 1.
In these simulations, high compression resulted in high delamination, while low
growth rates reduced delamination.
Finally, we combined the two effects in a single simulation, where we compare
an anisotropic and highly compressed tissue as in the midline and an isotropic tissue
with the wildtype value of compression, as in the surrounding tissue. The total
delamination count is shown in Figure 3.21, and it correctly describes the in vivo cell
behaviour.
Thus, mechanical delamination provides a way to:
1. decrease anisotropy across the tissue
2. decrease the pressure which arises from cell growth.
1In fact, the precise values for the equilibrium frequencies depend on the details of cell division,
such as the orientation of the mitotic spindle (Nagpal et al [65] and Patel et al [66]). The orientation
of the mitotic plane may however depend on the mechanical properties of the neighbouring cells
(The´ry et al [67]).
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Figure 3.20: Cumulative proportion of cells delaminating from wildtype tissue (mid-
line) and a tissue with high or low growth as a function of time. Data was averaged
over 6 simulations.
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Figure 3.21: Combined effects of compression and anisotropy
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3.11 The novel mechanism of cell delamination, in-
duced by mechanical forces
At this stage, it is in order to ask whether compression-dependent cell delamination
is perhaps a type of apoptosis. To learn the details of the process of delamination
and why it responds to mechanical cues so strongly, a series of experiments were
performed.
Firstly, DIAP1 was used to suppress apoptosis in the tissue. This resulted in
a small but reproducible decrease in the number of delaminating cells, as shown in
Figure 3.22. The effect was seen both in the midline region, and in the surrounding
tissue. This implies that the majority of delaminating cells do not in fact undergo
apoptosis, but leave the tissue triggered by something else. Further experiments
confirm that delamination occurs even when apoptosis is blocked, as seen in Figure
3.23.
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Figure 3.22: Blocking apoptosis results in a decrease of the delamination rate.
Interestingly, on closer look of the details of cell delamination, two distinct patterns
can be identified. As seen in Figure 3.24, cells can behave quite differently. In the
first panel, the cell leaves the tissue by progressively losing junctions. It starts off as
a 7-sided cell, and it gradually loses neighbours with the concurrent decrease of its
area. After about 30 min, it has only 4 neighbours and a small area, and this is when
it begins to leave the tissue. It takes further 10 min for it to be fully extruded basally.
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Figure 3.23: As expected for a process independent of apoptosis, delamination from
the midline continued unabated in nota expressing RNAi targeting JNK, p53 and
Flower. Z-projection of midline region from JNK RNAi, p53DN and Fwe RNAi
expressing tissues. Cells delaminating over 12h are colored in white.
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In the second and third panels, the delaminating cell does not lose junctions until
their area is only a small fraction of the initial area. It is squeezed out of the tissue
over a timeframe of 40 min, and this happens without neighbour exchanges. The
signature topology of this type of delamination is the formation of a rosette - a vertex
where more than 3 cells meet, following full cell extrusion.
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Figure 3.24: Two modes of epithelial delamination, Scale bars, 10µm.
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Figure 3.25: Mechanically induced epithelial delamination in the model.
To further probe into the details of this process, the tissue was irradiated with
UV rays. This resulted in a dramatic increase in cell delamination. Moreover, it was
the rosette-forming type of delamination that was increased, as seen in Figure 3.26.
Therefore, the rosette-forming type of delamination is cell death related extrusion,
whereas the junction-losing type of delamination is independent of cell death. Con-
sidering all the presented data on the dependence of cell delamination rate on the
strength of the mechanical forces, the junction-losing type of delamination could be
driven by the mechanical forces.
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In the vertex model, junctions randomly shorten and lengthen, and as a result of
this, cells exchange neighbours. Some cells spontaneously lose junctions and delami-
nate - purely in response to mechanical forces. For the tissue under compression, this
releases overcrowding and the delamination rate decreases and eventually stops as the
tissue reaches equilibrium.
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Figure 3.26: Two modes of epithelial delamination
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Figure 3.27: As a cell is extruded, it progressively loses junctions as its apical area
diminishes.
Interestingly, the junction-losing type of delamination in vivo is very similar to the
type of cell delamination seen in the mechanical model. First in crowded regions of
the notum cells lost individual junctions via a series of neighbour exchanges followed
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by the concurrent loss of apical cell area over an extended and variable period, as
seen in simulations in Figure 3.27. Data is shown in Figure 3.28 and the correlation
between junction number and cell area for a cell in the model is shown in Figure
3.25. However, although the time that it took cells to lose neighbours was variable,
once they had fewer than 5 neighbours and an apical area smaller than 25% of the
initial apical area, all cells underwent a similar process of extrusion within a short
and reproducible timeframe of 10 min.
It is telling that this transition from a variable phase of junctional loss to rapid
basal extrusion happens simultaneously with the recruitment of Myosin-II to form a
ring within the neighbors of the delaminating cell, as shown in Figure 3.29.
%
 d
el
am
in
at
io
n
pnr-GAL4
-40 min -15 min -10 min
pnr-GAL4
>Diap1
0
20
40
30
10
rosette-like 
intermediate
E-cad::GFP
0 min
0
0.4
0.2
0.6
0.8
1
0246
0
0.2
0.6
0.8
1
0246
0.4
N
or
m
al
iz
ed
 a
re
a
Junctions number
N
or
m
al
iz
ed
 a
re
a
Junctions number
0
0.4
0.2
0.6
0.8
1
0246
N
or
m
al
iz
ed
 a
re
a
Junctions number
A
E
B C D
0
0.2
0.6
0.8
1
0.4
A
re
a 
af
te
r l
os
in
g 
2 
jun
cti
on
s/ 
ini
tal
 ar
ea
ctrl UV irradiation
F
E-cad::GFP E-cad::GFP
-40 min -15 min -10 min 0 min-40 min -15 min -10 min 0 min
UV
pnr-GAL4
>Diap1
junctions loss
0 min 15 min 20 min
%
 d
el
am
in
at
io
n
pnr-GAL4
-40 min -15 min -10 min
pnr-GAL4
>Diap1
0
20
40
30
10
rosette-like 
intermediate
E-cad::GFP
0 min
0
0.4
0.2
0.6
0.8
1
0246
0
0.2
0.6
0.8
1
0246
0.4
N
or
m
al
iz
ed
 a
re
a
Junctions number
N
or
m
al
iz
ed
 a
re
a
Junctions number
0
0.4
0.2
0.6
0.8
1
0246
N
or
m
al
iz
ed
 a
re
a
Junctions number
A
E
B C D
0
0.2
0.6
0.8
1
0.4
A
re
a 
af
te
r l
os
in
g 
2 
jun
cti
on
s/ 
ini
tal
 ar
ea
ctrl UV irradiation
F
E-cad::GFP E-cad::GFP
-40 min -15 min -10 min 0 min-40 min -15 min -10 min 0 min
UV
pnr-GAL4
>Diap1
junctions loss
0 min 15 min 20 min
Figure 3.28: The process of neighbour exchanges is a necessary step in cell rearrange-
ments that lead to tissue organisation.
Therefore, we find that most cells delaminate from the tissue while still alive and
that cell death is a consequence, and not a cause of their delamination. After they
have been extruded basally, first by a series of neighbour exchanges, simultaneous with
the loss of apical area, and followed by rapid extrusion through recruited Myosin-II,
the cells start to die underneath the epithelium. It is important to stress that cell
nuclei become visibly condensed and pyknotic only after they have lost their entire
apical domain, as seen in Figure 3.30. They are subsequently engulfed by circulating
macrophages, as seen in Figure 3.31.
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Figure 3.29: Tissue marked with E-Cadherin::GFP and MyoII::Ch. MyosinII ring is
indicated by the arrows. Scale bar 10µm.
Resille-GFP
+15 min +35 min +40 min
E-cad::GFP His::RFP
-20 min -10 min 0 min +10 min
A
B
E-cad::GFP MyoII::mCherry
-11 m
in 10s
0 m
in
-6 m
in
C
Figure 3.30: The image shows a delaminating cell marked with E-Cadherin::GFP and
His::RFP. Its apex (white circle) and nucleus (arrowhead) are indicated. Scale bar
10µm.
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Figure 3.31: Delaminated cells are rapidly phagocytosed by circulating macrophages
from the basal side of the epithelium. Timelapse of basal side of the tissue imaged
with Resille::GFP. A cell extruded from the tissue is blebbing (indicated by the dashed
line). The cell is phagocytosed by a circulating macrophage (indicated by the white
line). Scale bar, 10µm.
3.12 Discussion
This study presents definitive evidence of the role of mechanics in tissue homeostasis.
Aegerter-Wilmsen et al ([60]) demonstrate a link between epithelial topology and the
effect of mechanical force on the rate of cell division. Hence, even though there is a
significant amount of work indicating the role of mechanics in epithelial growth and
homeostasis, our work is, to our knowledge, possibly the first to show directly that
mechanical stress is involved in maintaining homeostasis.
Furthermore, this study identifies a novel homeostatic process - live cell delamina-
tion driven by mechanical stress in the tissue and effected through a series of neighbour
exchanges. Cells in overcrowded regions of the tissue are subject to stronger compres-
sive force, and cell competition for space drives some of them to lose neighbours.
When a cell has fewer than 5 neighbours and a small apical area, the tissue quickly
extrudes it through the mobilisation of a myosin ring in its nearest neighbours. In
this way, cell density can be tuned through a type of negative feedback process, and
persistent overcrowding is avoided. Therefore, tissue growth is buffered against ex-
cessive variation in cell density, providing for a robust control of tissue organisation
on possibly large scales. Hence, although mitotic rates may not be perfectly tuned
to produce an isotropic and homogeneous tissue, tissue stresses may be sufficient to
effectively anneal the tissue and ensure robust growth and homeostasis. Since local
variations in cell density are detrimental to the accuracy of a variety of tissue pattern-
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ing mechanisms, such as those mediated though Delta - Notch signalling (Cohen et al
[68]), it is paramount for an epithelial tissue to have efficient control over variations
in local cell environment, and live cell delamination induced by compression is an
energetically cheap and effective such mechanism.
Chapter 4
Junctional Contractility as an
Agent of Tissue Organisation
4.1 The reduced area as a proxy for describing the
order of tissues
Tissue order is the triumph of self-organising processes directing growth and develop-
ment. It is still unclear how tissue order arises and how it is maintained throughout
the lifetime of the epithelium. This chapter presents a theoretical study of tissue order
within the formalism of the vertex model. During pupal development, the morphology
of the ventral mesothorax of Drosophila Melagonaster changes. One feature is that
there are several rounds of divisions during this period, resulting in an increase in
the total number of cells. The overall size of the tissue remains fixed. As a result of
this, the apical surface of the cells decreases. Quite a few cells leave the tissue to be
recycled underneath the epithelial layer. However, the number of cells that leave the
epithelium is small in comparison to the number of cells that divide, and therefore
the overall number of cells in the tissue increases.
The second striking feature of pupal development is that the cell packing changes.
As time passes, the apical view of the cells start to resemble a regular hexagonal
lattice. It is an open question so as to how this is orchestrated and achieved.
In [44], the authors show that the level of ”order” in a network of polygons1
1A network of polygons is a simplification of the cell shape commonly used to study epithelial
tissues.
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is strongly related to the geometric properties of individual polygons. They point
to a relationship between a single geometric parameter and the polygonal packing.
Defining the reduced area of a polygon as follows:
a =
4piA
L2
, (4.1)
where A is the polygon area and L is the polygon circumference, they find that the
increase in a forces the polygonal network to become ’more ordered’. At a = ac =
0.865, the system undergoes a disorder-order transition, so that for a > ac, the network
becomes a regular hexagonal lattice. For a < ad = 0.785, the network is disordered,
and the frequency of a given polygon weakly depends on a. For the intermediate values
ad < a < ac, the frequency of hexagons is increasing with the increase in a.
Linking a to the physical parameters Λ and Γ used to describe tissues in physical
models (lattice models [6] and vertex models [36] as well our vertex model) provides
an insight into a possible mechanism of organisation during tissue development.
4.2 A link between cell division and the ordering
of tissues
There are several rounds of cell divisions in the notum during the course of pupal
development. The notum does not grow during this process and the apical area of
the daughter cells is generally equal to the half of the parent apical area. What does
this scaling mean for the organisation and the ordering of the tissue?
As cells divide within a tissue of a fixed size, the average cell area decreases, as
well as the average junction length. Since we have seen that the dimensionless ratio
of cell area and the square of the perimeter length indicates the level of order within
the tissue, it is interesting to consider what happens to the reduced area a as cells
divide.
The equation for the work function defines the lengthscale l0 = −ΛΓ :
W =
∑
α
K
2
(Aα − A0)2 +
∑
ij
Γij
2
(lij − l0)2.
We will also explore how the work function should be adjusted so that the lengthscale
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l0 is appropriate for both the parent and the daughter cells.
4.2.1 Tissue at atarget = a6
The fixed size of the tissue may have an effect on equilibrium tissue properties. We
monitor the state of the tissue with the target reduced area atarget equal to the reduced
area of the regular hexagon a6 = 0.907, and release the constraint for the finite size of
the tissue. Hence initially Atissue(0) = A0 ×Ncell, but afterwards Atissue(t) is allowed
to vary according to the Metropolis algorithm (as described in Chapter 2, Section
2.9.3). The stills showing the evolution are shown in Figure 4.1.
Figure 4.1: Evolution of the tissue with a free boundary.
We can conclude that releasing the constraint of fixed tissue size has a minimal
impact on the size and the shape of the tissue. Therefore we continue with the study
of equilibrium states calculated for the unconstrained tissue, whilst we constrain the
size of the tissue, assuming that the fixed size of the tissue in itself does not have a
strong impact on equilibrium states. Therefore, we assume that the phase diagram
obtained for the unconstrained tissues (Figure 2.2) is a good approximation for the
phase diagram of the constrained tissues.
4.2.2 A single round of divisions with no change in Λ and Γ
We study the tissue undergoing a single round of cell divisions, with the following rule
for the change in parameters:
Adaughter0 =
1
2
× Amother0 (4.2)
Λdaughter = Λmother (4.3)
Γdaughter = Γmother (4.4)
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Therefore, the target reduced area of the daughter cells can be calculated as fol-
lows:
adaughtertarget = a
mother
target ∗
1
2
1
= amothertarget × 0.5,
since the target junction length for an edge with parameters Λ and Γ is equal to −Λ
Γ,
and every daughter cell have 6 junctions, on average. It will have 5 sides created
after division, on average, and it will gain 1 side, on average, from the divisions of its
nearest neighbours. This is Lewis’ law (Lewis [69], Lewis [70], Graustein [71]) which
states that the average polygon number in a polygonal tiling obtained from a regular
hexagonal tiling through cell divisions is 6.
Thus we conclude that the target reduced area of the daughter cell is smaller
than the target reduced area of the mother cell by a factor of 0.5. Referring back to
Figure 1.13, and noting that a decrease in a results in the increase in tissue disorder,
we expect to see an increase in disorder even after a single round of divisions. We
simulate this situation by setting the parameters as in Equations 4.2 - 4.4. As seen
from the stills shown in Figure 4.2, disorder does indeed increase as cell divisions
proceed, for these values of daughter cell A0, Λ and Γ.
Figure 4.2: A single round of cell divisions with Γdaughter = Γmother.
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4.2.3 Mechanical scaling of Λ and Γ
Next, we check how Λ and Γ are in fact expected to scale with junction length, on
physical grounds. Since the work function is linear in line tension Λ, the instantaneous
force due to line tension is equal to Λ and it does not depend on junction length.
Therefore, we expect Λ to be the same for junctions of different lengths, and it should
only depend on the structural properties of cell-cell contacts such as the density of
adhesive junctions, and not on the total length of the junction. Hence:
Λdaughter = Λmother.
On the other hand, contractility Γ should depend on the junction length. Since
in the model, the contractility of the junctions is described by Hooke’s law for elastic
springs, if we take this analogy further, we expect that the spring constant Γ scales
inversely proportionally with the spring length.2 Therefore:
Γl/2 =
1
2
Γl.
Figure 4.3 shows the idealised situation of a regular hexagonal polygon dividing
into two ”daughters” according to the cell division algorithm used in our model. The
junction length of the hexagon is l and its area is A = 3
√
3
2
l2, giving the reduced area
a = 4pi A
(6l)2
= 0.907.
The daughter cell area is equal to a half of the mother area, and the daughter
perimeter is equal to 3l+l
√
3
6l
= 3+
√
3
6
of the mother perimeter, as seen from the diagram.
Since the total perimeter of the daughter cell is initially, on average, equal to 3+
√
3
6
times the perimeter of the mother cell (as seen from the diagram in Figure 4.3), so
the average ”spring constant” of the junctions Γ should scale by the inverse of this
factor:
Γdaughter =
6
3 +
√
3
Γmother = 1.268× Γmother.
2Compare, for example, the law for springs connected in series 1/k1 + 1/k2 = 1/kseries.
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Figure 4.3: The perimeter of the daughter cell is equal to 3+
√
3
6
times the perimeter
of the mother cell.
Therefore, the next natural scaling of the parameters A0,Λ,Γ to consider is:
Adaughter0 =
1
2
× Amother0 (4.5)
Λdaughter = Λmother (4.6)
Γdaughter = 1.268× Γmother (4.7)
The target reduced area scales as follows:
adaughtertarget = a
mother
target ∗
1
2(
3+
√
3
6
)2 = amothertarget × 0.804.
Since the target reduced area decreases in this case as well, we again expect to see
an increase in tissue disorder after a single round of cell divisions, although to a
lesser degree than the disorder in the previous case, as a here decreases only by 0.80,
compared to the previous decrease by 0.50.
We simulate this situation (parameters given by Equations 4.5 -4.7) and the stills
are shown in Figure 4.4. It can be seen that the tissue does indeed disorder, but also
does so to a lesser extent than it did in the previous case (cf. Figure 4.2).
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Figure 4.4: A single round of cell divisions with Γdaughter = 6
3+
√
3
∗ Γmother.
4.2.4 The scaling of Λ and Γ required to maintain order
In order to keep the reduced area invariant under cell division, which is to say, in
order to keep the equilibrium level of order within the tissue constant as cells divide,
the parameters should scale as follows:
Adaughter0 =
1
2
× Amother0
Λdaughter = Λmother
Γdaughter =
√
2× Γmother.
In this way, the reduced area of the daughter cells remains the same as the reduced
area of the mother cell:
adaughtertarget = a
mother
target ∗
1
2
( 1√
2
)2
= amothertarget .
It is important to stress that the tissue order as understood in this chapter is
the equilibrium tissue order. That is to say, cell divisions are expected to induce
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disorder in the tissue under any circumstances, since they disturb the tissue away
from the equilibrium by actively inputting energy. However, cell divisions disturb
the tissue only temporarily, since the values of the physical parameters ultimately
determine the equilibrium states. Therefore, cell divisions temporarily disturb the
tissue from equilibrium, but the mechanical forces eventually return it to the state of
mechanical equilibrium. It is this mechanical equilibrium state that we are referring
to when we measure the order of the tissue as predicted by the target reduced area.
Therefore, for the tissue for which adaughtertarget = a
mother
target , the mechanical equilibrium
states should be identical before and after the cell divisions, provided the tissue has
had enough time to equilibrate. Clearly, there will be a lot of intermediate disordered
states as cell divisions proceed, however, the final equilibrium state is identical to
the initial equilibrium state. This is in contrast to the tissue for which the target
reduced area changes as cell divisions proceed. For these tissues, transient disorder
induced by cell divisions is only partially removed when the tissue equilibrates. The
new mechanical equilibrium will be different from the initial mechanical equilibrium,
because the new reduced area is not the same as the initial reduced area. In this case,
cell divisions have induced a permanent change in the parameter space in the phase
diagram in Figure 2.2, and the new equilibrium state is different. In this way, cell
divisions can cause the tissue to ”travel” in parameter space.
To illustrate the point that the change in Γ between the mother cell and the
daughter cell determines the equilibrium states of the tissue, another simulation was
run with the following parameters:
Adaughter0 =
1
2
× Amother0
Λdaughter = Λmother
Γdaughter = 2× Γmother.
In this case, the contractility of the daughter cell increases more than it should if
junctions are simply assumed to behave as elastic springs. This could be due to many
factors, such as the non-obvious scaling relationship between junctional contractility
and the concentration of myosin, size of the cell, presence of medial myosin.
In this case, the target reduced area increases as cells divide, by a factor of 2. Stills
illustrating this situation are shown in Figure 4.5. The induced transient disorder is
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markedly less pronounced than it is in the previous two cases (Figure 4.2 and 4.4).
Figure 4.5: A single round of cell divisions with Γdaughter = 2 ∗ Γmother.
Finally, the message of this study is that tissue order depends strongly on how
junctional contractility changes with junction length and with cell generation. If
junctions behave as simple elastic springs, so that the spring constant of a half a
junction is equal to twice the spring constant of the whole junction made of the same
material, we see that the tissue would disorder as cell divisions occur. This disorder
would change the point in the parameter space, so that the equilibrium states of the
tissue would permanently change towards more disordered states.
The situation in the Drosophila notum during pupal development is different. The
notum goes through several rounds of cell divisions and the cell packing refines and
the tissue becomes more ordered towards the end of pupal development. This should
be the case if contractility of daughter cells is greater than
√
2 times the contractility
of the mother cells. Looking at data in Figure 3.7 and 3.8, we see that junctional
tension changes by a factor of 2 when comparing cells in early pupal development and
in late pupal development. This increase in contractility is consistent with the fact
that the tissue orders during this period, even as two rounds of cell divisions occur.
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4.3 Discussion
It was previously suggested (Farhadifar et al [36]) that a growing Drosophila wing
disc is in a state of polygonal disorder throughout most of its development. Towards
the end of its larval development, this tissue undergoes a process of repacking and
reordering, in order to emerge in an ordered state closely resembling the regular
hexagonal lattice. It was also suggested that this occurs concurrently with the onset
of activity of the planar cell polarity pathway.
Since the presented study illustrates how changes in junctional contractility mod-
ulate tissue order, it would be very interesting to check whether the activity of the
planar cell polarity pathway has a direct effect on junctional contractility, and thus
whether it increases tissue order by tuning the target reduced area.
Chapter 5
Convergent Extension
5.1 Introduction
Convergent extension is a morphogenetic event during which a tissue extends in length
and narrows in width (Baum [72]). It is a conserved event which occurs during gas-
trulation, neurulation, axis elongation and organogenesis in both vertebrate and in-
vertebrate embryos, and it generates one of the most interesting features of embryonal
development: the elongated body axis.
Convergent extension is achieved through coordinated rearrangements of cells,
more specifically, through a process termed cell intercalation (Irvine and Wieschaus
[73]). Intercalating cells change positions relative to each other in a coordinated way,
which results in the lengthening and narrowing of the whole tissue. Intercalation is
effected through a series of coordinated T1 transitions, as shown in Figure 5.1.
It is believed that spatial clues that direct cell movements during intercalation
come from local cell-cell contacts (Lecuit and Lenne [74], Lecuit [75]). Internal cellular
architecture becomes polarised during convergent extension. In particular, proteins
which affect adhesion and contractility enrich in specific cortical domains. (Bertet et
al [76], Zallen and Wieschaus [77], Kasza and Zallen [78]).
Intriguingly, intercalating cells in the Drosophila germband form rosette-like struc-
tures, as reported by Blankenship et al [79], and shown in Figure 5.2. Moreover, the
direction of rosette formation and resolution is not random, but biased in a way that
leads to tissue elongation.
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Figure 5.1: Cells exchange neighbours in a defined direction, and this results in a
change in tissue aspect ratio. This process is called cell intercalation (Adapted from
Bertet et al [76]).
Figure 5.2: A Drosophila epithelium before and during embryonic elongation.
Rosettes comprising several cells (shown in colours) form during elongation. (Adapted
from Blankenship at al. [79].)
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Rosette formation and resolution proceed in a strictly
directional fashion that parallels structural changes at
the tissue level. In every case, a cellular array that was
elongated along the DV axis rearranged to form an array
that was elongated along the AP axis (100%, n = 90
rosettes). Rosette progression consists of three charac-
teristic phases: (1) formation, the constriction of linked
interfaces between adjacent columns of cells (Fig-
ure 5H,w10 min); (2) a transient high-order vertex inter-
mediate in which multiple cells meet at a single point
Figure 5. Multicellular Rosette Formation in Intercalating Cells
(A–J0) (A–J) Images from a time-lapse movie of wild-type cells expressing GFP:Resille. Time is given in minutes relative to the onset of interca-
lation as defined in Figure 4A. Anterior is oriented toward the left, and dorsal is up. (A–F) Time-lapse images of the germband delimited by the
cephalic furrow (left groove in [B]–[F]) and the ventral furrow (bottom groove in [B]–[F]). Rosettes of six or more cells are highlighted. Colors do not
necessarily indicate the same cells in sequential images. (G–J) Time-lapse images of a single rosette. (G) During rosette formation, two columns
of cells initially align (edges that will contract are indicated by yellow arrows in [G0]). (H) Adjacent pairs of cells constrict their shared interfaces in
concert during rosette formation (the direction of convergence is indicated by red arrows in [H0]). (I) Multiple cells come into simultaneous contact
at a high-order vertex (the 11-cell rosette is indicated by a blue circle in [I0]). (J) This apparently symmetric structure resolves in a strictly direc-
tional fashion during rosette resolution (the direction of extension is indicated by green arrows in [J0]). Scale bars are 10 mm.
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Figure 5.3: Rosettes form as vertical junction shrink to a v rtex sh red by several
cells, and roset e vertices resolve horizont lly. (Adapted from Blankenship et al [79].)
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Previous models of convergent extension (Zajac et al [81]) have focused on showing
that an anisotropy in cell-cell interface tension is sufficient to drive a change in tissue
shape. We examine whether mechanical forces associated with the polarised proteins
can account for both the formation and the resolution of the rosettes. Our approach
is to study the plausibility of the proposed mechanical scenario, in order to compare
it to experiment and decide how well it fits the in vivo realisation.
5.2 Cells polarise during convergent extension
During convergent extension, Myosin II is polarised so that its concentration is higher
on dorsal-ventral-oriented junctions (Blankenship et al [79], Bertet et al [76]), which
are the vertical junctions in the presented figures. Force is generated by Myosin-II
motors on actin filaments producing junctional contractility in the vertical direction.
These junctions shrink in response to an increase in vertical contractility. Typically,
this shrinkage results in the formation of rosette-like structures, in which multiple
neighbouring vertical junctions shrink into a single vertex which is shared by as many
as 10 cells, as illustrated in Figure 5.3 as reported by Blankenship et al [79]. Furthe-
more, the authors also report that supra-cellular actin-myosin cables form and align
across multiple cells, providing directional information to collections of neighbouring
cells.
Rauzi et al [80] study the details of Myosin II enrichment on vertical junctions.
Studying the timescales of Myosin II concentration profile changes, they find that
the enrichment of junctional Myosin II is gradual and results from the flow of medial
Myosin II in the direction of vertical junctions. Furthermore, they suggest that the
shrinkage of vertical junctions is effected by medial Myosin and subsequently stablised
by the anchoring of inflowing medial Myosin II onto vertical junctions. The relative
positions of junctional and medial Myosin is illustrated in Figures 5.4 and 5.5.
5.3 A physical model of convergent extension
We model an epithelial tissue in which Myosin-II gradually recruits on the vertical
junctions. Myosin flows towards the vertical junctions and in the process, it shortens
the vertical junction lengths (Rauzi et al [80]). Specifically, Myosin-II flows in pulses.
However, here we test a simplified scenario in which Myosin-II concentration is grad-
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Supplementary Figures and Movies 
Rauzi, M., Lenne, PF. and Lecuit, T.  
Planar polarized actomyosin contractile flows control epithelial junction 
remodelling  
 
Supplementary Figures 
Figure S1 Organisation of F-actin and Myosin-II in intercalating cells 
a, Organization of F-actin in intercalating cells, in the most apical region near the plasma 
membrane (left, see Movie S1a) and at a slightly less apical view intersecting the adherens 
junctions (right, see Movie S1b). F-actin is labelled with Utr::GFP. b, Summary of F-actin and 
Myo-II organization in transverse (top) and sagittal views (bottom) in intercalating cells. A, P, 
D and V denote Anterior, Posterior, Dorsal and Ventral respectively. l denotes the length of a 
junction as plotted in Fig. 1i. The 2 arrowheads mark the approximate positions of the 
confocal images in panel a.  
 
Figure S2 The medial acto-myosin meshwork flows.  
Labelling of F-actin (Utrophin::GFP, red) and Myo-II (MRLC::Cherry, green) in intercalating 
cells. a. F-actin and Myo-II condense together forming a pulse in the medial region of a cell 
(see yellow arrowheads).  b. Medial F-actin and Myo-II flow together towards the cortex of 
avertical junction (see yellow arrowheads). Bars: 5µm. 
 
Figure S3 Time cross-correlation analysis between medial Myo-II and junctional Myo-II 
pools.  
(Top left and top right panels) Two examples of cross-correlation between medial Myo-II and 
junctional Myo-II intensity curves. The time shift of the cross-correlation peak with respect to 
zero time provides a measure of the average time delay between Myo-II intensity maxima at 
the junction and in the medial region (Fig. 2a). (Bottom panel) Time delays obtained by 
cross-correlation as shown in the upper panels (n=5) or by measuring, in Myo-II intensity 
traces, the time delays of individual peak maxima at the junction with respect to those in the 
medial region (single events, n=15). Medial Myo-II intensity peak maxima are taken as zero 
time references.  The two approaches (cross-correlation and measure of single events in the 
traces) give very similar results (p-value=0.86). 
Figure 5.4: Medial and junctional myosin location in the cell. (Adapted from Rauzi
et al [80]).
SUPPLEMENTARY INFORMATION
1 2  |  w w w. n a t u r e . c o m / n a t u r e
RESEARCH
F-actin
Myo-II
E-cadherin
actomyosin pulse junctional constriction
actomyosin pulse ow
A
D
V
anchorage
MODEL
P
Figure S12
	   3	  
Figure S8 Relative positions of the medial actin meshwork and the apical plasma 
membrane 
a. Confocal sections at 750nm distance in the apical regions of a cell during intercalation. 
Utrophin::GFP (green) marks F-actin and Rhodamin Dextran (red), a cell impermeable 
probe, is injected in the viteline space, and marks the position of the plasma membrane. The 
position 0 corresponds to the apical junctional area. b. Dextran and Utrophin::GFP mean 
intensities as a function of the apical-basal position. The mean intensity is measured in the 
ROI of the cell shown in a. The 0µm position corresponds to the junction position. c. 
Utrophin::GFP (green) and dextran (red) shown in sagital view. Yellow arrowheads indicate 
the points of contact. Bars: 5µm. 
 
Figure S9 Lateral trajectories of the small apical membrane protrusions.  
The panel shows the trajectories of several small protruision present in the medio-apical 
region of intercalating cells (GAP43::venus is used as a membrane marker). Trajectories 
show the track of these protrusions followed during 40 seconds. Bar: 5µm. 
 
Figure S10 E-cad density as a function of junction orientation for WT and α-cat RNAi 
embryos.  
a. Scatter plot of E-cad::GFP normalized intensity (proxy for E-cad density at one junction) as 
a function of junction orientation in water injected embryos. The blue curve fits the data 
points. b. Scatter plot of E-cad::GFP normalized intensity as a function of junction orientation 
in α-cat RNAi embryos. The red curve fits the data points. 
 
Figure S11 Myo-II pulse tracking after laser nanoablation.  
Confocal time lapse of an intercalating cell. MRLC::Cherry is shown in green and E-cad::GFP 
in red. At time 0’’ a focal subcellular ablation (red arrowhead) is performed on a Myo-II pulse. 
The remaining Myo-II fragments flow radially away from the ablated region (white 
arrowhead). Bar: 5µm. 
 
Figure S12. Model: actomyosin pulse and flow drive junction shrinkage. 
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Left. Cartoon depicting the cell medial apical and junctional F-actin (red) and Myo-II (green) 
meshwork. Clusters of E-cadherin (blue) are depicted at the cell junctions. An actomyosin 
pulse forms (black arrows) and flows (dashed arrow) towards a vertical junction. The flowing 
pulse generates a constricting force (red arrows) shrinking the junction. The actomyosin 
pulse then fuses to the junction stabilizing the junction length. Right. The polarized 
distribution of E-cad (less abundant on vertical than on transverse junctions) orients the flow 
of the actomyosin pulse. This is driven by an imbalance of anchorage points (yellow arrows). 
 
 
Figure 5.5: Vertical (dorsal-ventral) junctions shrunk by medial myosin and stabilised
by junctional myosin. (Adapted from R uzi et l [80]).
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ually increased on the vertical junctions. Simultaneously, Myosin-II is depleted from
the horizontal junctions, with the same rate with which it is enriched on the vertical
junctions.
We implement the following rule for the change in junctional contractility Γ, which
is directly influenced by the concentration of Myosin II:
Γi+1 = Γi − δΓ cos(2θ), if Γmin < Γi < Γmax (5.1)
= Γmin if Γi < Γmin (5.2)
= Γmax if Γi > Γmax (5.3)
Γmin is the lower threshold below which we don’t allow the contractility to decrease
for any of the junctions, δΓ is a parameter which determines how fast the recruitment
occurs, and θ is the angle which the junction subtends with the horizontal axis.
The orientation is such that the x-axis corresponds to the A-P axis and the y-axis
corresponds to the D-V axis. We chose this dynamics to mimic the gradual, time-
dependant enrichment of myosin on vertical junctions.
We set out to answer the following questions:
1. Is the enriched acto-myosin on the vertical (D-V) junctions sufficient to repro-
duce rosettes?
2. Does the tissue as a whole change its aspect ratio in reponse to the polarised
enrichment?
3. How do the rosettes resolve? Specifically, is an active process necessary to drive
the resolutions of the rosettes? Or perhaps junctional contraction elsewhere
could cause rosette resolution in the horizontal (A-P) direction?
We define rosettes to be any structures which comprise cells that join at a vertex
of order 4 or higher, and have a sufficiently high concentration of acto-myosin at the
vertex, such that Γ is greater than a threshold value Γros.
Blankenship at al [79] show that Myosin-II accumulates at the shortening verti-
cal junction and remains temporarily at the vertex of a rosette. To take this into
account, we assume that the junction which decreased to zero length will keep the
high concentration of Myosin-II until this is recycled elsewhere. Therefore, we impose
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the following condition on the rosette junctions: The zero-length junction dissipates
Myosin-II, and therefore its Γ decreases. The decrease is implemented with the same
rule for the change of Γ (Equations 5.3 and 5.3), with the assumption that the zero-
length junction has the rate of decrease of Myosin-II equal to that of a horizontal
junction. Furthermore, the resolution of a rosette is delayed until some of the Myosin-
II has dissipated. This is because we suspect that Myosin-II may be preventing the
flipping of the junctions in order to complete the T1 transitions and the data shows
that the rosette junctions don’t resolve momentarily, but rather tend to persist for
several minutes. We impose a lower threshold on Γ of a zero-length junction which
must be reached before the rosette vertex is allowed to resolve. We effectively block
the movement of the vertices forming the rosette, until the Myosin-II dissipates below
the threshold Γros. As soon as the Γ of the zero-length junction reaches the threshold,
the vertices evolve according to the usual Boltzman dynamics and are free to resolve
in any direction.
5.4 Results
Mechanical parameters are set to the same values used in Chapters 2 and 3, and the
parameters relating to polarised contractility are shown in Table 5.1. Stills in Figure
5.6 illustrate how tissue evolves.
Table 5.1: Parameters values for the simulation of convergent extension.
A0 1.30
K 160
Λ 56.8
Γref 49.9
Γmax 4× Γref
Γmin 0
δΓ Γref/40
Γros Γref
The tissue extends in length and shortens in width, as shown in the stills and
quantified by the changing aspect ratio shown in Figure 5.7. The aspect ratio initially
increases to about 4 times the initial value, after which it reaches a plateau which
could be called equilibrium aspect ratio.
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Interestingly, cells change shape to become elongated along the horizontal junc-
tions. Comparing the number of cells in rows and columns at the start and at the
end of the simulation, we can conclude that there was not a significant number of
intercalation events and the tissue elongation is driven mainly by individual cell elon-
gation in response to differential values of junctional contractility along the vertical
and horizontal axes.
The rosette count (Figure 5.7) is very low compared to the in vivo tissue (Figure
5.3). The total number of T1 transitions is 250, which is very low compared to the
more active tissues studied in Chapter 2 and Chapter 3 (Figure 5.8). Remarkably,
there was no single cell delamination event (Figure 5.8). From the equilibrium polygo-
nal distribution (shown in Figure 5.9) we see that the tissue settles into an equilibrium
and does not fluctuate at all.
We can conclude that this simulation does not faithfully capture the dynamics of
cell intercalation and rosette formation and resolution during convergent extension
is Drosophila. Directional bias in contractility does indeed drive tissue elongation,
but this is mainly the result of individual cell elongation and perhaps related better
to the dynamics of vertebrate convergent extension (Concha and Adams [82]) where
cell elongation does occur. The tissue is not dynamic enough to allow for varied cell
rearrangements observed in the Drosophila embryo. This could be because the tissue
settles too quickly into a local equilibrium, without exploring the rest of the parameter
space.
5.5 High noise
We next study a tissue with an increased level of noise, whilst keeping all the other
parameters the same. Higher noise in general allows the system to overcome work
function barriers and escape local minima. Parameter values are shown in Table 5.2.
In this case, markedly different cell behaviour is observed.
Stills are showing tissue evolution in Figure 5.11. The first difference to note is
that in this case the aspect ratio does not plateau, but keeps growing until the layer
of cells is 2-3 cells thin, and the model cannot handle further evolution (Figure 5.12),
at which point the aspect ratio is greater than 20 : 1. We observe signature behaviour
of cell intercalation: the number of cells in ’columns’ decreases, while the number of
cells in ’rows’ increases, since the cells exchange neighbours in a coordinated fashion.
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Figure 5.6: Stills showing evolution of tissue with low noise. Tissue aspect ratio
changes to approximately 4 : 1. Individual cells elongate. Rosettes form only rarely
(encircled in red).
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Figure 5.7: (Left) The aspect ratio changes as the tissue elongates when a directional
bias in contractility Γ is introduced. (Right) Very few rosettes form in the process.
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Figure 5.8: Cumulative distribution of T1 transitions. No T2 transitions occur during
evolution of tissue with low noise.
Table 5.2: Parameters values for the high noise simulation of convergent extension.
A0 1.30
K 16.0
Λ 5.68
Γref 4.99
Γmax 4× Γref
Γmin 0
δΓ Γref/40
Γros Γref
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Figure 5.9: The work function first increases as Γ is increased according to Equations
5.1 and 5.3, and it decreases thereafter as the tissue relaxes through elongation.
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Figure 5.10: The polygonal distribution reaches a new steady state.
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Secondly, the number of rosettes in much higher in this case (Figure 5.12). Inter-
estingly, rosette number normalised by the total number of cells in the tissue reaches
a dynamic equilibrium.
The total number of T1 transitions is more than two orders of magnitude higher
than the T1 rate with the lower noise and importantly, it does not saturate as it
did in the low noise scenario (Figure 5.13). This means that the tissue remains
active and does not fall into a ’deep’ local minimum. As shown in Figure 5.13,
several cells delaminate as a result of cell rearrangemets. Work function and the
polygonal frequency graphs are shown in Figure 5.14, and indicate that the tissue
reaches some sort of dynamic equilibrium, in which constant cell rearrangements drive
further elongation. This corresponds to the scenario in which there are several rounds
of cell intercalations as is the case in Drosophila germband.
Finally, as an illustration, junctions with a high value of contractility Γ are coloured
yellow in Figure 5.16. It is instructive to note that the resulting pattern of high
contractility cables resembles the supracellular actin cables described by Blankenship
et al ([79]). It is therefore possible that the observed actin cables emerge as a result of
the alignment of neighbouring cells driven by high contractility, and that no additional
cross-cellular signaling is required for their formation.
5.6 Discussion
The results of this computational study hint at the possibility that noise in a bio-
logical system is not always a hindrance to the proper proceeding of developmental
processes, but it can have precisely the opposite role: noise can be a key ingredient
in a morphogenetic event.
As shown by the simulations in this chapter, tissue evolution can be vastly differ-
ent if only the level of fluctuation in the mechanical properties is changed. For the low
value of noise, the tissue extends in length in response to the directional bias in con-
tractility, but mainly through the lengthening of individual cells (Figure 5.6). Impor-
tantly, the process of extension ceases once the individual cells have reached a certain
cellular aspect ratio beyond which any further extension is presumably prevented by
an unacceptable increase in the work function. There is little cellular rearrangement
by way of neighbour exchanges, which is in clear contrast to the intercalating cellular
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Figure 5.11: Stills showing evolution of tissue with high noise. Tissue aspect ratio
changes to approximately 24 : 1. Individual cells both elongate and intercalate.
Rosettes form much more often than in the simulation with low noise (encircled in
red).
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Figure 5.12: (Left) The aspect ratio changes as the tissue elongates when a directional
bias in contractility Γ is introduced. (Right) Numerous rosettes form in the process.
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Figure 5.13: Cumulative distribution of T1 and T2 transitions.
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Figure 5.14: The work function first increases as Γ is increased according to Equations
5.1 and 5.3, and it decreases thereafter as the tissue relaxes through elongation and
cell intercalation.
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Figure 5.16: Stills showing the formation of actin cables. If Γ > 2 ∗Γref , the junction
is coloured yellow, and if Γ > 3 ∗ Γref , the junction is drawn with a thicker yellow
line.
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dynamics during Drosophila convergent extension.
Remarkably, increasing the level of noise in the computational simulation com-
pletely alters tissue evolution. With an increase in fluctuations, cells exchange neigh-
bours more easily and the uniaxial bias in contractility induces the formation of
rosettes. Tissue extends in the direction perpendicular to the direction of contractil-
ity enrichment, but in this case, the extension is not only the result of the change in
the aspect ratio of individual cells, but it is also due to oriented neighbour exchanges,
so that cells intercalate and this results in the depletion of the number of cells along
the vertical axis. In contrast to the tissue with the low level of noise, the high noise
tissue does not cease to elongate horizontally, and the rate of change of the aspect
ratio does not show signs of abating (Figure 5.12).
Myosin II flows in pulses towards the vertical junctions, and this pulsing creates
fluctuations in the value of effective cell junctional contractility. These fluctuations
could conceivably be analogous to the role of noise in the work function of the compu-
tational model, suggesting a possible direction for further study of the role of medial
Myosin pulses.
Chapter 6
Conclusion
In this thesis, we study how forces at interfaces between cells in developing epithelia
affect global tissue topology. To this end, we develop a computational model of
epithelial tissue mechanics.
Making use of the model, we learn in Chapter 2 that the timing of cell divisions
affects tissue topology: if cell cycles are synchronised and coordinated, the tissue
will resemble a regular hexagonal lattice more closely than when cell division events
are uncoordinated. We also find that developing tissues which are free to expand
as a result of growth and division of their cells approach a different steady state
geometry when compared with tissues of fixed size with ongoing cell divisions and
cell growth. This predicts that the geometry of Drosophila imaginal wing disc during
larval development will be different from the geometry of Drosophila notum during
pupal development, even if the mechanical properties of cellular junctions are the
same in the two tissues.
It is highly likely that mechanical properties of cellular junctions undergo fluctu-
ations in time, in response to internal cellular dynamics. By looking at steady state
geometries of tissues with different intensity of noise, we conclude that noise helps
the tissue to anneal (by analogy to glasses). Thus, in general, developing tissues with
high levels of noise are expected to resemble a regular hexagonal lattice more closely
than tissues with low values of noise. The exception is the situation when the tissue
is already at the global minimum of the potential energy, i.e. it is already packed in a
regular hexagonal lattice, then high noise would have the opposite effect and it would
induce disorder and deviation from the regular hexagonal lattice.
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The role of noise is further discussed in Chapter 5, when we reproduce rosette
formation during convergent extension only for sufficiently high levels of noise. When
noise if low, polarised acto-myosin affects cell shape by extending the cell along the
direction of axis elongation, without concomitant neighbour exchanges (T1 transi-
tions). Therefore, the tissue axis elongates as a result of elongation of individual
cells and there is no cell intercalation and repacking, contrary to what is observed in
Drosophila embryos. However, when noise is increased, cells start exchanging neigh-
bours and forming rosettes. These observations are interesting, since they show how
stochasticity in development can be instrumental in guiding tissue organisation. Fur-
ther steps might involve characterising the noise better, for example by determining
its spectrum.
The central result of the thesis is the finding that mechanical forces at the cel-
lular interfaces can push live cells out of the tissue, as presented in Chapter 3. The
rate of live cell delamination is found to be correlated with tissue compression and
with geometric anisotropy. In collaboration with biologists Eliana Marinari and Buzz
Baum, we find that such live cell delaminaton indeed occurs in the Drosophila notum,
probably in order to limit tissue overcrowding and thus modulate tissue uniformity
as cells proliferate during development. Mechanically induced live cell delamination
is hence a newly identified homeostatic process.
Finally, in Chapter 4, we study how global equilibria of the work function describ-
ing junctional forces depend on the value of junctional contractility. By analysing
the phase transition between an ordered and a disordered geometry, we find that an
increase in contractility alone can drive the tissue to repack into a regular hexagonal
lattice. This may be relevant for understanding hexagonal repacking of developing
tissues such as Drosophila imaginal wing discs which commence hexagonal repack-
ing concurrently with the establishment of planar cell polarity in the tissue. The
localisation of proteins at cellular junctions during the onset of planar cell polarity is
expected to change mechanical properties of junctions such as their contractility. The
findings are also relevant for understanding hexagonal repacking of the Drosophila
notum, in which a significant increase in junctional contractility is observed as the
tissue approaches a regular hexagonal lattice at the end of pupal development.
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